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General introducti on
8       
Background
Dementia is a clinical syndrome and as such an umbrella term for some common and 
serious disorders of later life. One of the first cognitive abilities to decline is memory. 
Other areas that can be affected are orientation, language, planning and insight, and 
behavior, declining together to the extent that social functioning is impaired. In addition 
dementia can and often does cause psychiatric symptoms such as anxiety, disinhibition, 
psychosis, apathy, and different sleep patterns. In its final stages, people are confined to 
bed, but luckily only a small minority reach that point. Its prevalence is currently around 
5% and its incidence approximately 2% per year for people over 65. In Western Europe, 
there are roughly 5 million people with dementia and around 800,000 new cases occur 
every year [1]. The burden it places on society is immense, both economic and psycho-
social. The cost of dementia amounts to roughly €160 billion per year in Europe [2]. 
Compared to other diseases, the burden is huge; its cost is 1.9-3.8 times greater than 
that of stroke, 1.8-3.7 times greater than that of heart disease, and 3.8-7.5 times greater 
than that of cancer [3]. Worldwide there are approximately 35 million people suffering 
from dementia. The World Alzheimer Report 2010 claims that the number of people 
with dementia might double and the cost associated with it more than triple in the next 
two decades [4]. Improving care for people with dementia has become a policy priority 
in Europe, enshrined in the European Union Joint Programme on Neurodegenerative 
Disease Research and likewise in the Netherlands in ‘The Delta Plan Dementia’. 
The burden of dementia is not a new phenomenon. Many investigators have tried to 
uncover the mechanisms that cause it and to find treatments that stop the decline or 
might even cure the disorder. The most promising leads have come from pharmacological 
interventions, but attempts to find a cure via this route have been largely unsuccessful. 
In addition, numerous psycho-social interventions have sought to improve dementia 
care. Many studies used clinical outcome measures such as cognition, assuming that 
clinical parameters were appropriate surrogate outcome measures for health-related 
quality of life (HRQoL). Since cognition is a poor predictor of HRQoL, however, there is 
a growing consensus among clinicians and researchers that the use of broad outcome 
measures such as HRQoL is warranted in combination with clinical parameters [5-7]. 
Conceptual framework of HRQoL measurement 
Ideally, outcome measures such as HRQoL should be obtained from individuals who 
have actually experienced a specific health state [7]. In dementia and stroke, however, 
cognitive limitations are a result of the disease; consequently, communication skills and 
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the ability to express oneself are often impaired. Moreover, people who suffer from 
dementia might lack insight into the disease (anosognosia), leading to a discrepancy 
between objective outcomes and their subjective experience. As it progresses, people 
become less and less able to give responses that can be meaningfully interpreted by 
clinicians and researchers. Therefore, formal and informal caregivers (proxies) are often 
consulted about the patients’ HRQoL. 
Proxies do not (usually) suffer from cognitive limitations so they are able to clearly 
express their valuations of a patient’s HRQoL. Nevertheless, there are several drawbacks 
to proxy responses. Throughout this dissertation we will touch upon the difficulties of 
measurement by proxy. Figure 1 offers an overview of HRQoL measurement in dementia 
using patients and proxies. This conceptual framework is based on Pickard & Knight [8] 
but extended for measurement in dementia. The concepts are elaborated below, as 
they are important for understanding some of the content of this dissertation. 
The object of interest that we are trying to measure is the patient or proxy ‘true’ HRQoL 
(the total area of circle A or I in Figure 1). In psychometric terms we define ‘true’ HRQoL 
as a latent trait. Although we will never be able to measure HRQoL directly, we can 
make inferences about it based on the responses people give to the measurement 
instruments. When people with dementia give the responses themselves, we obtain 
data on patient self-assessment of HRQoL (the total area of circle B). When proxies are 
asked to assess patient HRQoL they can use two different perspectives. In the proxy-
patient perspective a proxy imagines herself in the patient’s position and assesses the 
HRQoL from that stance (the total area of circle C in Figure 1). Alternatively, a proxy 
can assess a patient from her own viewpoint. This is what we call the proxy-proxy 
perspective (the total area of circle D). Of course a proxy is also capable of indicating 
her own HRQoL (the total area of circle H).
Given these different viewpoints, several possibilities arise for discrepancies between 
measurements. The difference between the patient self-assessment of HRQoL and the 
proxy-patient perspective is called the patient perspective inter-rater gap. This gap 
occurs because of the proxy’s inability to put herself in the place of the patient, so that 
different values get attached to identical domains. Furthermore, a proxy could implicitly 
have different domains in mind than the patient herself; the proxy would then interpret 
the patient’s status on a domain differently than the patient. 
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The difference between the patient self-assessment of HRQoL and the proxy-proxy 
perspective is called the proxy perspective inter-rater gap. Here the above-mentioned 
discrepancies can occur as well, though now they should be explicit in the proxy’s mind. 
Previous research has demonstrated that the patient perspective inter-rater gap is 
smaller than the proxy perspective inter-rater gap [9], providing empirical support for 
the conceptual framework of Pickard & Knight [8]. 
Besides the factors of agreement and discrepancy, there are factors influencing HRQoL 
assessments in a systematic way; these are called biases. This dissertation addresses 
two of the biases shown in Figure 1: measurement bias and proxy-proxy bias.
Figure 1 The conceptual framework of health-related quality of life measurement in dementia.
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Unlike measurement error, measurement bias influences HRQoL assessments 
systematically instead of randomly. Measurement bias occurs, for instance, when two 
test administrators interpret the instructions for the HRQoL instrument differently and 
thus apply a slightly different protocol, leading to systematic differences between the 
patients and proxies they had assessed. It should be kept in mind that these factors are 
by definition exogenous to patient and proxy HRQoL.
Additionally, we consider factors endogenous to the proxies’ HRQoL that bias their 
assessments of the patients’ HRQoL. Previous research has shown that caregiver 
burden and the type of proxy (a family proxy vs. other) will influence proxy HRQoL 
assessments. But apart from these factors, such biases are largely unexplored. The 
present dissertation will elucidate biasing endogenous factors. 
Measurement instruments
The concept of HRQoL can only be studied with suitable information, and it may be 
obtained by using HRQoL measurement instruments. In the field of HRQoL there are 
still many unresolved issues regarding measurement instruments, validity, reliability, 
generic vs. disease-specific measurement, etc. This section expands on how the present 
dissertation helps close that gap in knowledge. 
In a scientific field as dynamic as medicine, new interventions are launched at a rapid 
pace. Once available, it is crucial to know what their added value is compared to current 
practice. Several sources of information may be tapped into, the main ones pertaining 
to health outcomes and costs. To express health outcomes in terms of the quality of 
one’s health status, the operationalization of HRQoL must be optimal. 
As noted above, many studies have been performed on the clinical effectiveness of 
potential treatments for dementia. We thus know the extent to which well accepted 
and evidence-based treatments such as donepezil, galantamine, and rivastigmine are 
deemed clinically effective [10,11]. The same applies to psycho-social interventions [12]. 
However, it remains unclear whether these interventions are beneficial enough to affect 
overall HRQoL. To answer that question as well as to monitor patient populations, make 
international comparisons of patient groups, or conduct disease-modeling studies, the 
benefits of interventions need to be expressed in terms of HRQoL values. So far, such 
information has only been available from generic HRQoL instruments. These consist of 
a limited number of domains, each with different level descriptions. The combination 
of these domains and levels represents the classification system of these instruments. 
12       
To each possible combination in the classification system, and thus for each health 
state, a value is attached. These values are derived by special valuation techniques, 
which are usually applied in the general population [13,14]. Nonetheless, the current 
generic HRQoL instruments are deemed inappropriate in the dementia context, since 
the most important domains affected by the disorder are represented poorly or not at 
all in the current generic HRQoL instruments [5,6,15,16]. Hence the need for dementia-
specific HRQoL instruments. When studies fail to properly measure HRQoL, positive 
effects of interventions might be overlooked and negative effects on HRQoL might be 
missed. Given that generic index instruments were deemed inappropriate, there is a 
discrepancy between the desired and the possible outcome measures; hence the need 
for dementia-specific HRQoL index instruments. A second objective of this dissertation 
is to produce a valid instrument that can be used for cost-effectiveness analyses, disease 
modeling studies, and monitoring patient populations.
Quantifying health states
To be able to calculate QALYs, information on HRQoL is needed. The QALY model in 
its simplest form assumes no parameter uncertainty, no temporal discounting, and 
no changes in health over time [17,18]. A more widely adopted model does assume 
uncertainty in parameters, temporal discounting, and discrete time periods. This 
dissertation will focus predominantly on the ‘Q’ in QALYs, which stands for the value 
of a health state at a discrete point in time. Specifically, it will expand on different 
ways of deriving health-state values. Building upon the innovation of expected utility 
theory (EUT) made by John von Neumann and Oskar Morgenstern in 1944 [19], many 
techniques have since been used to measure health-state values. 
The standard gamble (SG) is a direct application of one of the axioms on which EUT 
is based. SG comparisons come in many forms, of which Farquhar [20] gives an 
extensive overview. The time trade-off (TTO) was introduced by Torrance et al. [21] 
as an alternative to the SG and was specifically designed for use in health care. TTO 
was originally developed as a simpler and easier to administer response task but 
was intended to yield comparable results. A third widely used technique is the visual 
analogue scale (VAS), also called the rating scale or category scale. A VAS is usually a 10 
or 20 cm line on a page with well defined anchors at the ends. The above-mentioned 
techniques are the ones that were most widely applied in the 1980s and 1990s. While 
others such as ratio scaling [22] or person trade-off [23] were also developed, the 
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scientific community has lost interest in them, so they will not be elaborated on in this 
dissertation. All of the methods mentioned above were designed to elicit health-state 
values on an interval scale.
In the last decade there has been renewed interest in ordinal response tasks to derive 
health-state values [24]. These tasks obtain ordinal data at the individual level and 
transform these data by scaling procedures, so that an aggregate interval-level scale can 
be constructed. Ordinal response tasks have great potential for valuing health states. 
For respondents, the task is now easier, as they merely have to indicate a preference 
instead of giving their preference in combination with the exact amount of difference 
perceived between health states. This dissertation will present three approaches to 
scaling ordinal data, namely Thurstone’s law of comparative judgment [25], probabilistic 
choice modeling [26,27], and multidimensional scaling [28]. Moreover, these methods 
will be applied to empirical data to derive health-state values.
Outline of this dissertation
This dissertation has three different methodological focal points. The first part considers 
potential measurement biases in HRQoL. Chapter 2 discusses the magnitude and 
implications of the proxy-proxy bias as described in Figure 1 in light of existing data 
[29,30]. Chapter 3 uses data from the same study and discusses a potential source of 
bias (scale recalibration) that can occur both in patient and proxy self-assessment of 
HRQoL as well as when proxies assess the HRQoL of patients. 
The second part considers the development of a dementia-specific HRQoL instrument. 
It starts out by describing the development and validation of the prototype of the DQI 
in Chapter 4. In Chapter 5, some important considerations are raised about two newly 
introduced preference-based dementia-specific HRQoL instruments, the DEMQOL-U 
and the DEMQOL-Proxy-U [31]. Specifically, the content validity and the applied 
analytical strategies are called into question. Chapter 6 shows how the content of the 
DQI was finalized and describes the methods and results of the valuation study. In 
addition, this chapter enters into the debate on ‘whose values count?’ (i.e., who should 
value health states, the general public or patients who actually experience a particular 
health state?). 
The third part of this dissertation deals with health-state valuation methods. Chapter 
7 elaborates on probabilistic choice modeling, describing its origin and tracing its 
application throughout history as well as suggesting applications for health-state 
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valuation. Chapter 8 discusses Thurstone scaling as a health-state valuation method 
and addresses differences in health-state valuations between people with dementia 
and their informal caregivers. Chapter 9 is the last chapter that uses empirical data, 
and it describes the possibilities of using similarity data for health-state valuation. This 
chapter shows how multidimensional scaling can be used to derive health-state values 
and highlights the advantages that similarity data could have over preference data. In 
Chapter 10, the dissertation concludes with a general discussion on the overall content 
of the previous chapters and suggests some directions for future research.
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Abstract
Background: Measurement of health-related quality of life (HRQoL) in dementia is 
difficult. At some point people with dementia become unable to meaningfully assess 
their own HRQoL. At such a point in time researchers need to rely on other types of 
information such as observation or assessments from informal caregivers (proxies). 
However, caregiver assessments may be biased by several mechanisms. The current 
study explores whether caregivers project part of their own HRQoL in their assessments 
of patient HRQoL.
Methods: The participants in the current study were 175 pairs, consisting of community-
dwelling persons with dementia and their caregivers. The EQ-5D, the EQ-VAS and 
the QoL-AD were administered to collect HRQoL measurements from patients and 
caregivers at baseline, 6 months and 12 months. Two linear mixed models were used to 
investigate factors that bias proxy ratings, one with the EQ-VAS as dependent variable, 
and one with the EQ-5D utility as dependent variable. The independent variables were 
caregiver age, caregiver sex and caregiver QoL-AD items.
Results: The linear mixed model indicated that 3 caregiver characteristics, namely 
caregiver age, money (caregiver’s financial situation) and valuation of life as a whole 
were significant predictors of the patient-by-proxy VAS scores. The linear mixed model 
with utility value as the dependent variable showed that caregiver age and valuation of 
the ability to do things for fun were significant predictors of the patient-by-proxy EQ-5D 
utility values.
Conclusions: The current study was a first step in identifying factors that bias patient-by-
proxy HRQoL assessments. It was discovered that caregivers project part of their own 
HRQoL onto patients when assessing patient HRQoL. This implies that patient-by-proxy 
HRQoL values should be interpreted with caution and not be used as a direct substitute 
for patient self-assessment, even when patients are no longer able meaningfully assess 
themselves. 
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Introduction
Dementia describes a class of neurologic illnesses that cause progressive decline in 
cognitive functioning. Areas that are affected most severely are memory, reasoning, 
communication skills and the ability to carry out daily activities. In addition, people 
with dementia frequently suffer from behavioural and noncognitive symptoms such as 
depression, wandering, aggression, agitation, sleep disturbances, shouting, repeated 
questioning and psychosis [32].
Dementia is posing a great threat for the future of current health care expenditures as 
future scenarios claim that dementia prevalence may have doubled or tripled by 2050 
[4,33]. With an increase in the number of patients with dementia, many governments 
will have to change their policies and focus on keeping patients out of nursing homes as 
long as possible. This is only possible with adequate pharmacological and psycho-social 
interventions. The evaluations of such programs should incorporate outcome measures 
such as health-related quality of life (HRQoL). Ideally, these HRQoL measures should be 
valid, reliable, and precise.
However, measurement of HRQoL in dementia is not without difficulties. First and 
foremost, the concept lacks a generally accepted definition. Several reviews have been 
published that describe the number and applicability of HRQoL instruments in dementia 
[34-37]. They show that more than a dozen dementia-specific instruments are available, 
each covering different domains and applying different methods of measurement. 
Many researchers and clinicians argue that HRQoL is subjective in nature and thus only 
patient ratings should be considered valid. However, the very problem in dementia is 
that patients’ cognitive functioning decreases and therefore their ratings might become 
less valid or even unusable. Therefore, reliable and valid informal caregiver (proxy) 
ratings could be extremely useful in the field of dementia. Yet, using proxy ratings might 
have disadvantages. 
Numerous studies report on agreement and differences between the dementia 
patients’ HRQoL ratings and those of patient-by-proxy [16,38-40]. They show a 
systematic underreporting of patient HRQoL by caregivers, as compared to patient self-
assessment. These findings are in line with proxy reporting from other disease areas 
[9,41-47]. These studies identified factors that improved agreement between patients 
and caregivers. Such factors were higher patient education [48], a family caregiver (vs. 
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other), lower levels of patient functional disability, higher levels of patient depression 
and lower caregiver burden [47], the type of perspective employed and higher patient 
cognitive functioning [9]. 
Dementia is a disease that not only affects patients but also their caregivers. Surprisingly, 
not much research has been done to identify caregiver characteristics that could 
influence agreement between patients and caregivers. Other than the type of caregiver, 
the perspective used [9], and caregiver burden [49], no caregiver characteristics have 
been identified. It has been acknowledged that providing care often results in personal, 
psychological, social and financial losses [50-54], although there are also caregiving 
uplifts such as feelings of satisfaction, personal growth, enhancement and enrichment 
[55,56]. One could imagine that changes in these domains might have an influence on 
patient-by-proxy HRQoL ratings.
One study showed that caregiver HRQoL is related to the type of dementia and the 
coping style of the caregiver [57]. In addition, providing care for a patient with 
dementia is associated with a decline in HRQoL in both mental and physical domains 
[58]. Furthermore, it is unclear whether caregivers ‘project’ part of their own HRQoL 
problems onto patient HRQoL. For example, caregivers might underestimate the HRQoL 
of patients if they experience a diminished HRQoL themselves. This mechanism of 
caregiver ‘projection’ has been investigated in stroke [59] and other contexts such as 
end-of-life decisions [60,61]. In the latter context it is acknowledged that caregivers 
are imperfect decision makers and projection of caregivers’ preferences guide their 
decisions. If such a mechanism is present in patient-by-proxy HRQoL ratings then this 
is a type of bias of which clinicians and policy makers should be aware. The aim of this 
explorative study is to assess whether certain caregiver characteristics contribute to a 
bias of patient-by-proxy HRQoL assessments.
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Methods
Respondents
The participants in the current study were dyads, consisting of community-dwelling 
persons with dementia and their informal caregivers, drawn from the AD-Euro RCT (a 
cost-effectiveness study on regular post-diagnosis care in dementia by memory clinics 
versus by general practitioners) [29,30]. The current study includes patients with a 
newly diagnosed dementia fulfilling DSM-IV-TR criteria and a score of 0.5-2 on the 
Clinical Dementia Rating (CDR; 0-3) scale: 0 for none; 0.5 for questionable/very mild; 
1 for mild; 2 for moderate; and 3 for severe dementia [62,63]. In addition to the CDR, 
the Mini-Mental State Examination (MMSE) was administered, although scores on this 
instrument were not an inclusion or exclusion criterion [64]. Verbal and written consent 
of both the patient and caregiver were obtained when they were considered eligible at a 
screening in a multidisciplinary memory clinic. Patients were excluded if data collection 
was impossible (for example because of a severe hearing or language impairment), if 
they had a short life expectancy, if they were awaiting nursing home admission, or in 
case of a definite indication for specific memory clinic follow-up (for example having 
been diagnosed with a rare dementia). Data was collected by trained interviewers who 
administered the questionnaires and the response tasks at the patients’ homes. The 
instrument protocols were followed providing a standardized interview format across 
respondents. To maximize privacy and reduce potential bias, the person with dementia 
and the caregiver were interviewed separately. Interviews were conducted at a mutually 
convenient time. Measurements were obtained at baseline (T=0), 6 months (T=6) and 
12 months (T=12). 
Conceptual framework
Three perspectives to assess HRQoL were used, two of those were partially based 
on the work of Pickard and Knight [8]. First of all there is the patient self assessment 
(patient-patient perspective) of HRQoL. Second there is the assessment by the proxy 
of the patient’s HRQoL (patient-by-proxy perspective). In the current study caregivers 
were asked to rate patients from their own perspective. Pickard and Knight discuss 
one more perspective where proxies are asked to assess the patient as they think the 
patient would respond. This perspective was not used in the current study. Additionally, 
the caregiver’s own HRQoL was assessed (caregiver self-assessment).
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(Health-related) quality of life measures
QoL-AD
The QoL-AD is a dementia-specific quality of life (QOL) instrument [65,66]. It has 13 
items covering the domains of physical health, energy, mood, living situation, memory, 
family, marriage, friends, self as a whole, chores, fun, money (financial situation), and 
life as a whole. Items are scored on a 4 point rating-scale ranging from 1 (poor) to 4 
(excellent). There are separate versions available for patients and caregivers, and there 
is a version available for the caregiver’s own QOL [67]. The questions asked were: “How 
would you value your own (specific domains are mentioned here)?” for patient and 
caregiver self-assessments and  “How would you value the person you care for his/her 
(specific domains)?” for patient-by-proxy assessments. 
EQ-5D 
The EQ-5D is a generic HRQoL instrument in which respondents evaluate their health 
state “today”. The classification system consists of five domains: mobility, self-care, 
usual activities, pain/discomfort and anxiety/depression, with three levels of severity 
per domain [68]. These levels indicate “no problems”, “some problems” or “severe 
problems”. The EQ-5D is the one of the most widely used index instruments, which is 
why it was chosen for this study. To calculate the values for the EQ-5D the well known 
UK tariff was used as described by Dolan [69]. The instrument also includes a vertical 
visual analogue scale (VAS) with a range of 0 (worst imaginable health state) to 100 (best 
imaginable health state). The EQ-5D  was used for patient self-assessment, patient-by-
proxy assessment and caregiver self-assessment. 
Analyses
Descriptive statistics of complete dyad data at T=0, T=6 and T=12 were used to analyze 
patient-patient, patient-by-proxy and caregiver self-assessed HRQoL values. To compare 
outcomes on a 0-100 scale, EQ-5D utility scores were multiplied by 100 and QoL-AD 
sum scores (range 13 – 52) were transformed by applying the following formula: 
Scoretransformed = (sum score – 13) * 2.564.
Intra-class correlation coefficients (ICC) were calculated to assess the level of 
substitutability between patient-patient and patient-by-proxy VAS and utility values. 
The strength of agreement between patients and caregivers is expressed as slight 
(ICC=0.00-0.20), fair (ICC=0.21-0.40), moderate (ICC=0.41-0.60), substantial (ICC=0.61-
0.80) and almost perfect (ICC=0.81-1.00).
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The relationship of patient-by-proxy and caregiver self-assessed HRQoL values was 
investigated by looking at Pearson product-moment correlation coefficients (r) between 
their EQ-VAS scores. The EQ-VAS was selected for this analysis because this measure 
allows for the most subjective assessments, improving the ability to detect any biases. 
A significant correlation between the EQ-VAS scores would be interpreted as a potential 
projection bias in proxy assessments on patients. A similar analysis was performed on 
the EQ-5D utility values to investigate whether projection is also present in somewhat 
more objective assessments.
To investigate potential predictors of projection bias of proxy HRQoL onto patient 
HRQoL, a linear mixed model was used. Patient-by-proxy EQ-VAS was entered as a 
dependent variable, while for predictor variables caregiver age, sex, and caregiver 
self-assessed QoL-AD items were entered. These variables were used in the model at 
T=0, T=6 and T=12. Age and sex were included in the model because these are very 
common confounders. In addition, the QoL-AD items were included to investigate 
which caregiver characteristics could bias patient-by-proxy assessments. The analysis 
was restricted to only these predictors because sufficient power to detect significant 
predictors needed to be preserved [70]. Here too a similar analysis was performed 
on the EQ-5D utility values. The dependent variable was the patient-by-proxy EQ-5D 
utility value, while caregiver age, sex and the caregiver self-assessed QoL-AD items were 
independent variables.
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Results
Respondents
In total, 175 patients were included in the study, their descriptive statistics are provided 
below (Table 1). The sample consisted mostly of older patients with mild to moderate 
dementia. Most patients had a family caregiver, either a spouse or a child.
Table 1 Descriptive statistics of patient and caregiver dyads at T=0, T=6 and T=12 months
T=0
(n=175)
T=6
(n=151)
T=12
(n=144)
n (%) Mean (SD) n (%) Mean (SD) n (%) Mean (SD)
Patient
Age 78.6 (5.7) 78.5 (5.8) 78.4 (5.7)
Female 106 (60.6%) 90 (59.6%) 88 (38.9%)
Type of dementia
Alzheimer 105 (60%) 93 (61.6%) 89 (61.8%)
Vascular 15 (8.6%) 9 (6.0%) 7 (4.9%)
Mixed 49 (28.0%) 43 (28.5%) 43 (29.9%)
Other 6 (3.4%) 6 (4.0%) 5 (3.5%)
CDR
0.5 8 (4.6%) 8 (5.3%) 6 (4.2%)
1 139 (19.4%) 120 (79.5%) 117 (81.3%)
2 28 (16.0%) 23 (15.2%) 21 (14.6%)
Caregiver
Age 64.0 (13.2) 64.1 (13.2) 64.3 (13.2)
Female 123 (70.3%) 106 (70.2%) 101 (70.1%)
Relation to patient
Spouse 94 (53.7%) 83 (55%) 80 (55.6%)
Child 72 (41.1%) 59 (39.1%) 55 (38.2%)
Other 9 (5.1%) 9 (6.0%) 9 (6.3%)
HRQoL outcomes
Caregiver self-assessed HRQoL assessments were the highest, followed by patient-
patient and patient-by-proxy HRQoL assessments (Figure 1) on all three instruments at 
each time of measurement. EQ-5D values were the highest (x̅ caregiver self-assessed 
= 88.59, x̅ patient-patient = 82.77,  x̅ patient-by-proxy = 67.12), followed by VAS values 
(x̅ caregiver self-assessed = 78.84, x̅ patient-patient = 72.78  x̅ patient-by-proxy = 65.33), 
followed by the QoL-AD values (x̅ caregiver self-assessed = 63.86, x̅ patient-patient = 
59.65  x̅ patient-by-proxy = 45.05).
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Figure 1 EQ-5D values, EQ-VAS scores and QoL-AD sum scores (patient, caregiver, and patient-by-proxy) at baseline, 
6 months and 12 months. EQ-5D and QoL-AD values were rescaled between 0-100 
Patient-proxy substitutability
The ICC of patient-patient and patient-by-proxy VAS values were 0.18 at T=0, 0.22 at T=6 
and 0.42 at T=12. The ICC of patient-patient and patient-by-proxy utility values were 
0.50 at T=0, 0.46 at T=6 and 0.51 at T=12.
Projection bias
There were significant correlations between the patient-by-proxy and caregiver self-
assessed VAS scores on each of the three times of measurement. The correlations 
were 0.25 at T=0 (p = 0.001), 0.43 at T=6 (p <0.001) and 0.20 at T=12 (p = 0.012), thus 
indicating weak to moderate correlations. The correlations between the patient-by-
proxy and caregiver self-assessed utility values were non-significant at each time of 
measurement (T=0 : r=0.11, p>0.1, T=6 : r=0.13 p>0.1, and T=12 : r=0.12,  p>0.1)
The linear mixed model indicated that 3 caregiver characteristics, namely caregiver age, 
money (caregiver’s financial situation) and valuation of life as a whole were significant 
predictors of the patient-by-proxy VAS scores (Table 2). This model had a combined 
498 observations across the three measurement times. A total of 407 observations 
were used in the model. The linear mixed model with utility value as the dependent 
variable showed that caregiver age and valuation of the ability to do things for fun were 
significant predictors of the patient-by-proxy EQ-5D utility scores (Table 3). This model 
had a combined 525 observations across the three measurement times. A total of 486 
observations were used in the model.
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Table 2 Proxy characteristics as predictors of patient-by-proxy VAS scores in a linear mixed model
β-Coefficient p-value 95% confidence interval
Intercept 51.26 0.000 25.48 - 77.05
Proxy sex 0.45 0.852 -4.34 - 5.25
Proxy age 0.19 0.033 0.02 - 0.36
Physical health -0.32 0.846 -3.59 - 2.94
Energy 1.70 0.294 -1.49 - 4.90
Mood 0.22 0.901 -3.30 - 3.74
Living situation -0.82 0.611 -3.97 - 2.34
Memory -2.28 0.271 -6.35 - 1.79
Family -1.04 0.524 -4.24 - 2.17
Marriage 1.09 0.498 -2.08 - 4.26
Friends 1.15 0.493 -2.14 - 4.44
Self as a whole -0.96 0.645 -5.08 - 3.16
Ability to do chores around the house 0.96 0.520 -1.98 - 3.91
Ability to do things for fun 0.84 0.539 -1.85 - 3.52
Money -5.53 0.005 -9.37 - -1.70
Life as a whole 5.78 0.004 1.84 - 9.71
R2 = 0.068 (R2 compared to an intercept only model)
Table 3 Proxy characteristics as predictors of patient-by-proxy EQ-5D utility values in a linear mixed model
β-Coefficient p-value 95% confidence interval
Intercept 0.07862 0.734 -0.04 - 0.53
Proxy sex -0.01 0.760 -0.10 - 0.07
Proxy age 0.01 0.000 0.00 - 0.01
Physical health 0.04 0.154 -0.02 - 0.10
Energy 0.04 0.159 0.02 - 0.10
Mood -0.05 0.128 -0.11 - 0.01
Living situation 0.02 0.507 -0.04 - 0.07
Memory -0.04 0.304 -0.11 - 0.03
Family 0.01 0.834 -0.05 - 0.06
Marriage 0.01 0.632 -0.04 - 0.07
Friends 0.00 0.926 -0.06 - 0.07
Self as a whole 0.01 0.733 -0.06 - 0.08
Ability to do chores around the house -0.02 0.526 -0.07 - 0.04
Ability to do things for fun 0.05 0.041 0.00 - 0.10
Money -0.03 0.417 -0.09 - 0.04
Life as a whole 0.03 0.417 -0.04 - 0.01
R2 = 0.095 (R2 compared to an intercept only model)
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Discussion
The current study attempted to explore the existence of potentially biasing factors 
that might influence patient-by-proxy HRQoL assessments in dementia. A significant 
correlation between patient-by-proxy and caregiver self-assessed EQ-VAS scores 
was found. This correlation remained statistically significant over time. Moreover, 
characteristics of caregivers were identified that bias their VAS ratings on patients. 
A biasing factor on VAS ratings that was identified was ‘life as a whole’. This factor has at 
face value a great contribution to projection. Caregivers incorporate part of their overall 
assessments of their own lives into the assessments of the patients’ lives. Should this 
finding be replicated then such a bias can be overcome by measuring caregiver HRQoL 
alongside patients. Researchers might then adjust the ratings of caregivers on patients 
by using a correction algorithm.
Another biasing factor on VAS ratings that was identified was ‘money’. This factor 
contributes strongly to the overall rating. As this estimate was negative this implies 
that the better the caregivers’ financial situation are, the worse their ratings on patient 
HRQoL will be and vice versa. This is a new finding and to the authors’ knowledge has not 
been previously reported elsewhere. These results seem counterintuitive, as previous 
research has demonstrated that having more or enough money would improve (HR)QoL 
[71]. A possible explanation for this relationship could be that financial status functions 
as a mediating variable for socio-economic status (SES). Caregivers with a higher SES 
might perceive the impact dementia has on the patient and themselves to be bigger 
than lower SES proxies. This might indicate that caregivers with higher SES perceive 
more shame and experience the difference in HRQoL between themselves and the 
patient to be larger. More research is needed to further explore this finding.
The least strong characteristic was caregiver age. Age contributed little to the overall 
rating, but older caregivers gave higher ratings. This finding is in line with general 
findings that aspects of QOL such as happiness are rated higher as age increases [72,73]. 
Moreover, because spousal caregivers are generally older than child caregivers, it is highly 
likely that spousal caregivers rate patients higher than child caregivers do. If such is the 
case, then this might have serious implications for outcomes research. For example, if a 
new study is to be initiated to evaluate a new intervention which uses spousal caregivers 
to assess the HRQoL of people with dementia, such a study might overestimate the 
effects on HRQoL when compared to a study that solely uses child caregivers.  Further 
research is required to corroborate this finding. It is acknowledged that age is one of 
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the most common confounders in observational research. Nevertheless, clinicians and 
policy makers should be made aware of its potentially biasing effects on HRQoL ratings. 
There were two biasing factors on utility values, caregiver age and ‘ability to do things 
for fun’. The implications for caregiver age are similar to the VAS ratings that were 
discussed previously. Interestingly, the ability of caregivers to do things for fun biases 
their assessments of the EQ-5D items on patients. Since the β-coefficient is positive 
this means that caregivers who are better able to do things for fun give better ratings 
of patient functioning. One possible explanation for this phenomenon might be that 
caregivers who undertake many fun activities with a patient also think that the patient 
experiences a similar level of fun. It might thus be possible that the amount of fun 
caregivers experience bias their assessment of patient functioning. 
These newly identified factors differ from those previously identified in other research 
areas. For example, patient depression has previously been identified as a factor 
leading to an increase in patient and proxy differences for elderly patients visiting 
the emergency room [8]. In addition, burden and psychological distress in caregivers 
was a significant predictor of patient and proxy differences in psychosocial scores in 
veterans [74]. A different study [75] that focused more on functional status through 
(instrumental) activities of daily living identified the following factors that contribute 
to more disagreement between patients and proxies: female proxies, proxies who lived 
with the patient, proxies who were not first-order relatives of the patient, and proxies 
who assisted patients with (instrumental) activities of daily living. The newly identified 
factors thus provide fruitful grounds for new research on systematic differences between 
patient and proxy assessments.
It should be noted that the explained variance of both linear mixed models was low. 
However, with the current study design, this is a desirable outcome. If the models would 
explain all of the variance then this would imply that patient-by-proxy assessments 
would only be based on proxy characteristics and not on patient characteristics. In this 
study the explained variance in the models was less than 10% which suggests that the 
bias that is present in patient-by-proxy HRQoL assessments is small compared to the 
influence of actual patient characteristics.
In general, measurement of HRQoL in dementia is difficult. In other disease areas 
patient self-assessment is usually regarded as a gold standard against which proxy 
assessment is compared. HRQoL is a very subjective concept and thus patients have 
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‘privileged access’. In dementia however, researchers have questioned the assumption 
that people with dementia should be regarded as the gold standard since cognitive 
impairments might lead to less valid self-assessments. For example, Lawton [76] noted 
“most cognitively impaired patients do not introspect, or at least do not report reliably on 
interior phenomena”. However, the authors feel that patients’ self-assessment is the best 
measure of HRQoL, as long as the patients can deliver this measure [7]. If patients cannot 
give their HRQoL assessment anymore, one has to rely on proxy measures. However, since 
cognitive functions are primarily affected by dementia, caregivers may be less capable of 
assessing the internal state of the dementia patients they care for and therefore they 
might provide less valid HRQoL assessments compared to other disease areas.
Patient-by-proxy assessments can be used for two distinct purposes. The first is 
substitution of patient self-assessment. In this situation the patient self-assessment is 
considered a gold standard to compare patient-by-proxy assessment with. However, 
when patient-by-proxy assessments are used in addition to patient self-assessment, 
for example to provide extra information for clinical decision making, then patient-self-
assessment should not be considered a gold standard. In this context, proxy reporting 
might even be more valid than patient-self assessment as the disease progresses. 
Nevertheless, the biases that were identified might occur in both substitution judgments 
and informing clinical decision making.
One major limitation of the current study is that the proxy perspective investigating how 
HRQoL is according to the patient was not measured. We therefore cannot conclude 
whether or not caregivers actually know how patients would assess themselves. The 
addition of this perspective could provide additional information on caregiver bias, 
since it might be different when multiple perspectives are used [77]. In addition, the 
relatively short follow up time and the relatively homogenous sample make it difficult 
to generalize the current findings to a broader context.
Nevertheless, proxy assessment is an important aspect of the evaluation of people with 
dementia. Many caregivers might report on different aspects than patients, and thus 
the two perspectives might be complementary instead of interchangeable. However, 
this makes it more difficult to deal with proxy bias. This might have serious implications 
for clinical and policy decisions. Dementia is a progressive disease, in which patients 
at some point become unable to express their HRQoL in a meaningful and valid way. 
Therefore, after such a point in time, one has to consider alternatives such as proxies 
or behavioural observations. Nonetheless, if our findings are generalizable to such 
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contexts, clinicians and policy makers should be made aware of the biases that might 
influence proxy HRQoL assessments. For future studies we recommend measurement 
of HRQoL of patients and proxies, with identical instruments, and multiple perspectives. 
Should future studies discover more complete causal models of reported HRQoL values, 
it might then be possible to constrain proxy biases to a minimum.
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Abstract
Background: Visual analogue scales (VAS) are often used to measure health-related 
quality of life (HRQoL). However, when such scales contain ambiguous anchors like “best 
imaginable health state,” they produce answers that are difficult to interpret, as such 
anchors are interpreted differently by respondents of different age. This phenomenon 
that people’s interpretation of subjective response scales changes in response to 
changing circumstances is known as scale recalibration. The current study attempts to 
investigate whether scale recalibration in a patient sample with cognitive limitations 
and proxies differs from the general population.
Methods: The participants in the current study were 151 pairs of community-dwelling 
patients with dementia and their proxies. They were administered three VASs with 
different upper anchors; (A) “best imaginable health state,” (B) “best imaginable health 
state for someone your age,” and (C) “best imaginable health state for a 25-year-old.” 
From literature, we inferred a conceptual model for the general population that predicts 
the ordinal relationship of the VASs to be B ≥ A ≥ C. This rank order is tested by repeated 
measure ANOVA’s in the aforementioned populations.
Results: VAS scores of patients with dementia were in line with the conceptual model. 
Proxy VAS scores for assessing patient HRQoL were not in line with the model: A > B > 
C. In addition, proxy VAS scores for assessing their own health were not in line with the 
model: A > B > C.
Conclusion: Patients with dementia use the VAS in a similar way to the general 
population. Proxies assessing either patients or themselves differ from the general 
population. 
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Introduction
Health-related quality of life (HRQoL) is a patient-reported outcome measure that is 
frequently assessed in health-care evaluation research. There are two distinct ways to 
do this. The first uses multidimensional instruments, grounded in classical test theory 
that generate summary scores on several domains. One such instrument is the MOS-
Short Form-36.[78] The second uses instruments that provide an overall HRQoL value 
in a single metric. Known as preference-based HRQoL classification systems, these are 
based on specific valuation techniques. The resulting preference-based HRQoL values 
(variously called utilities or preference scores) are frequently used in cost-effectiveness 
studies. 
One commonly applied HRQoL valuation technique is the visual analogue scale (VAS). 
It has been used for patients in numerous disease areas, but also for the general public 
to value specific health states.[16,38,79,80] It is generally accepted that its application 
is highly feasible that it shows moderate-to-good test-retest reliability. This technique 
is often used to assess patients’ HRQoL in longitudinal studies.[81-83] However, it 
has some methodological flaws; in particular, it is prone to end-aversion and context 
bias. Furthermore, it is not embedded in a clear underlying theoretical measurement 
framework.[84-87] In addition, the anchors in these scales are potentially ambiguous, a 
point on which this article expands.[88] 
Most VASs used to measure health states adopt ‘perfect health’ or, alternatively, ‘best 
imaginable health state’ as the upper anchor. However, such notions are ambiguous. 
Individual respondents might understand the upper anchor differently in light of their 
health status. For example, a 50-year-old to whom ‘perfect health’ means as ‘perfect 
health for someone my age’ will probably give a different answer than a 50-year-
old respondent to whom it means ‘perfect health for someone without age-related 
problems (for example 25 years old)’. Since most studies use a VAS with an ambiguous 
upper anchor their results might be difficult to interpret, especially in groups with a 
wide range in age. Indeed, respondents might disregard the upper anchors entirely 
or misunderstand their intended meaning when giving HRQoL ratings if they are 
not provided with a well defined frame of reference.[89] The phenomenon that 
people’s interpretation of subjective response scales changes in response to changing 
circumstances is known as scale recalibration.[90-92] 
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Scale recalibration is one of three possible mechanisms that allow for ‘response 
shift’. This concept refers to a change in HRQoL outcomes attributable to changes in 
the meaning of HRQoL, as understood or experienced by a respondent. In addition to 
scale recalibration, a response shift can reflect a change in the relative importance to a 
respondent of the component domains of HRQoL (reprioritization) or a redefinition of 
one’s meaning of HRQoL itself (reconceptualization).[90,93] 
Scale recalibration effects have been investigated by Ubel et al.[88] in a representative 
sample of the elderly randomly selected from the Health and Retirement Study (HRS). 
Their study used VASs with three distinct upper anchors: ‘perfect health’, ‘perfect 
health for someone your age’ and ‘perfect health for a 20-year-old’. They found that the 
three anchors were probably understood differently, as they yielded different results. 
It is questionable whether these findings can be generalized to specific patient groups, 
however. 
One of the objectives of the study on which the present work is based was to investigate 
whether the findings reported by Ubel et al. have generic properties. To that end, this 
paper reports on an exercise to replicate their findings in two specific populations. 
The first consists of patients with cognitive limitations, i.e. dementia. This population 
is of particular interest because a valid and reliable measurement of HRQoL is not as 
straightforward in dementia as it is in many other disease areas. A decline in intellectual 
capacity, semantic knowledge, and episodic memory as well as deficits in judgment and 
insight, might affect the validity of reported HRQoL values. 
The second group consists of informal caregivers (proxies) of the dementia patients. 
Proxy outcomes are often used to assess the patient’s HRQoL when dementia progresses 
to a stage in which patient assessment is no longer meaningful. One problem with using 
proxies for this purpose is that different cognitive processes might be at work, and 
these could affect the reported values. For example, proxies might prioritize domains 
differently than the patients or conceptualize different domains of HRQoL. Thus, when 
they rate patients, proxies may report different values than those drawn patient self-
assessment or proxy self-assessment. In addition, proxies might ‘project’ part of their 
own HRQoL problems onto the patients’ HRQoL. Of equal importance to the validity 
of HRQoL values of patients with cognitive limitations, is the answer to whether scale 
recalibration occurs when assessing the HRQoL of others. 
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The aim of the current exercise is to investigate scale recalibration in dementia patients 
and proxies. It constitutes a test of whether HRQoL values elicited on distinct VASs in 
these specific groups are comparable to those in the general population.
Methods
Respondents
The current exercise draws its respondents from the AD-Euro study (a cost-effectiveness 
study of post-diagnosis care in dementia.[30] The AD-Euro study sought to recruit 220 
patient-proxy dyads and follow them for a one-year period. Participants were recruited 
by a multi-disciplinary memory clinic (MMC) physician directly after diagnosis. The 
inclusion criteria were as follows: patients with a newly diagnosed dementia fulfilling 
DSM-IV-TR criteria and having a Clinical Dementia Rating (CDR; 0-3) score of 0.5-2: 0 
for none, 0.5 for questionable/very mild, 1 for mild, 2 for moderate and 3 for severe 
dementia.[62,63] Patients were excluded if 1) their life expectancy was less than one 
year, 2) they were living in a nursing home, 3) they were already evaluated as being 
suitable for living in a nursing home, 4) data collection was difficult (e.g., due to severe 
visual / hearing / language impairment, mood disorder or behavioral disturbances), 
5) the patient’s general practitioner did not agree to participate, 6) they were already 
participating in another study, 7) they had visited the MMC for a second opinion, 8) 
the travel distance between the MMC and the patient’s residence was more than 50 
kilometers and 9) they had a definite indication for MMC follow up. In addition to the 
CDR, the Mini-Mental State Examination (MMSE) was administered, although scores 
on this instrument were not taken as an inclusion or exclusion criterion.[64] For more 
details regarding the AD-Euro study the reader is referred to Meeuwsen et al. (2009).[30]
Measurements for the current investigation were done at six months. Data was collected 
by trained interviewers who administered the questionnaires (paper format) and the 
response tasks at the patient’s home. Interviews were planned in advance with both 
the patient and the proxy so that data on both participants could be collected on the 
same day and at the same location. The current exercise includes only dyads of whom 
patients had completed at least the VAS A (see below) rating at six months.
38       
Measures
All HRQoL measures were particularizations of the EQ-5D visual analogue scale (VAS 
A).[68] VAS A is a 20 cm vertical ‘thermometer’ ranging from 0 – 100 where 0 is defined 
as the ‘worst imaginable health state’ and 100 is defined as ‘best imaginable health 
state’ (Figure 1). In addition to VAS A, two adapted VASs were administered to both 
patients and proxies. These two VASs had different upper anchors, but identical lower 
anchors. The first alternative (VAS B) had a score of 100, defined as ‘the best imaginable 
health state for someone your age’ (for proxies reporting on patients, a score of 100 was 
defined as ‘the best imaginable health state for someone the age of the patient’). The 
second alternative (VAS C) had a score of 100, defined as ‘the best imaginable health 
state for a 25-year old’. Participants indicated their HRQoL first on VAS A, then on VAS 
B, and finally on VAS C. There was no between-participant randomization of the VASs.
Figure 1 Three VASs with different upper anchors (from left to right: VAS A, VAS B and VAS C).
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Conceptual model
The rationale behind the model (provided below) was as follows. When people assessed 
their HRQoL on VAS A, it was uncertain whether or not age would be a factor in their 
assessment. When people assessed their HRQoL on VAS B, age should have been taken 
into account because it was now salient. When people assessed their HRQoL on VAS C, 
age should have been taken into account on a stable anchor. In this conceptual model, 
HRQoL values were thus composed of two factors: age and disease. Disease should 
be regarded as any health-related condition apart from aging that causes HRQoL to 
deteriorate, conditions such as rheumatoid arthritis, depression or Alzheimer’s disease. 
Both of these factors would influence the VAS values. Three different cases are described 
below to illustrate the potential scoring differences in this conceptual model (Table 1).
An underlying assumption was that respondents would assess their health in terms 
of decline. They would presumably start assessing their position on a scale from the 
position of perfect health; then they would assess which aspects are sub-optimal. 
Furthermore, the assessments of decline were assumed to consist of two factors, 
namely age and disease. Thus, respondents who assessed their HRQoL would do so by 
identifying the decline in health caused by age separately from that caused by disease. 
The values on these factors were subsequently summed to capture an overall decline in 
health; that number would then be subtracted from the value for perfect health. 
In addition, the three VAS scales were assumed to have identical interval properties. 
This implies that a respondent who identified a 20-point decline in HRQoL on a 
particular VAS because of disease would subtract these 20 points on each of the other 
VASs. Furthermore, health was assumed to decline with age; HRQoL was assumed to 
have a positive correlation with health, disease a negative one; and respondents were 
assumed capable of meaningfully assessing their decline (disutility) with regard to age 
and disease.
The abovementioned assumptions were rather strict, however relaxing some or all of 
these assumptions would have made the conceptual model unnecessarily complicated. 
As this paper should be regarded as a tentative exercise to reproduce the results found 
by Ubel et al. in two specific populations, we chose to formulate a simple model, one 
that presents our thoughts in an easily interpretable way.
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Ordinal relationship
In mathematical terms scores on the different VASs can be expressed as follows:
   Y
VAS A
 = 100 - DD - (α×DA) + ε,   (1)
   Y
VAS B
 = 100 - DD + ε,    (2)
   Y
VAS C
 = 100 - DD - DA  + ε.    (3)
Where Y represents the score on the VAS, DD the disutility of the health state caused by 
disease, DA the disutility of the health state caused by age, and α a chance parameter 
that corrects for the potential incorporation of DA as a factor. This means that, on the 
individual level, a respondent can either incorporate age-related disutility into the 
HRQoL value or not, so α takes on a value of 1 or 0. At the population level α will 
represent the average of all individuals, and will thus be a number between 0 and 1. The 
term ε represents a random measurement error component. The appendix provides a 
derivation for the ordinal relationship
   Y
VAS B
 ≥ Y
VAS A
 ≥ Y
VAS C
    (4).
Hypotheses and analyses
The ordinal relationship presented by the above conceptual model was evaluated by 
testing the following two hypotheses separately for three groups (patients self assessed, 
patients as assessed by proxies, and proxies self assessed).
 1) Y
VAS B 
is significantly larger than Y
VAS A
  and Y
VAS C
.
 2) Y
VAS A
 is significantly smaller than Y
VAS B
 and significantly larger than Y
VAS C
.
Repeated measures ANOVAs with Bonferroni adjustments for multiple comparisons 
were used on the scores of the three VASs. Additionally, the agreement was examined 
on VAS A, VAS B, and VAS C between patient-proxy dyads (assessments on patients) 
by means of limits of agreement (LoA).[94] The difference scores (patient – proxy) of 
each VAS were compared with the difference scores for the other VASs by means of a 
repeated measures ANOVA. 
In order to investigate whether the type of proxy (spouse vs. child) affected VAS ratings, 
the next step used a MANOVA with VAS A, VAS B and VAS C as dependent variables. 
The patient-proxy relationship was taken as a fixed factor and patient age and proxy age 
were taken as covariates. The limited sample size did not permit additional analyses of 
informative subgroups.
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Results
Respondents
In total, 175 patient-proxy dyads were included in the AD-Euro study at baseline. The 
current exercise used data collected after 6 months. In total, 151 respondents were 
included in the analyses (some patient-proxy dyads were not, due to attrition).The 
mean age of the patients was 78 (SD 5.8) years and 60% were female. Alzheimer’s 
disease was the most prevalent diagnosis (62%), followed by mixed dementia (28%), 
vascular dementia (5%) and other (4%). Patient CDR-scores were 0.5 (5.3%), 1 (80.1%) 
and 2 (14.6%). The mean MMSE scores was 23 (SD 3.7). Patient-proxy relationships 
were defined as partners (56%), children (38%), or other (6%). Proxies were 64 (SD 13.0) 
years of age and 70% were female. The respondent characteristics for this study and 
Ubel et al.’s are given below for comparison (Table 2).
Scale recalibration
A statistically significant scale recalibration effect was seen in ratings by patients, ratings 
of patients by proxies and proxies by themselves (Figure 2). The scoring order on the 
different VASs was VAS B = VAS A > VAS C. This is in line with the rank order as predicted 
by the conceptual model. Patient-by-proxy assessment produced results that did not 
correspond to the model’s predictions. The scoring order was VAS A > VAS B > VAS 
C. Proxy self-assessment showed a pattern similar to patient-by-proxy assessment. 
Descriptive statistics of the ratings by patients, proxies and proxy-assessed patients on 
the three different VASs are provided in Table 3.
Figure 2 Difference Scores in Visual Analogue Scales in patients, proxies, and patients assessed by proxies
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Agreement
There was a wide range in agreement between patients and proxies on the VASs 
(Figure 3). However, the spread in difference scores remains large on all three VASs, 
Nonetheless, there was a significant increase in differences on the agreement between 
the VASs (multivariate p < 0.001). Specifically, the difference between VAS A and VAS B 
increased (x̅ =3.39, p = 0.026 ), the difference between VAS A and C increased (x̅ =14.52, 
p < 0.001), and the difference between VAS B and VAS C increased (x̅ =11.12, p < 0.001). 
The LoA of VAS A, VAS B and VAS C were -30.13 to 41.38, -32.16 to 50.20 and -27.81 to 
68.08 respectively.
Subgroup analyses
Ratings on VAS A, VAS B and VAS C were not significantly influenced by the age of the 
patient (p > 0.1) or proxy (p > 0.1), nor the type of patient-proxy relationship (spouse 
vs. child, p > 0.1)
Figure 3 Limits of agreements between patient-proxy dyads on VAS A, VAS B and VAS C
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Discussion
This study has investigated whether potential scale recalibration by dementia patients 
and their informal caregivers (proxies) differs from findings in the general population. 
Three VASs with different upper anchors were used to elicit HRQoL ratings. 
A comparison between a VAS with the upper anchor denoted as ‘best imaginable 
health state’ (VASbest-health) and another VAS defining it as ‘best imaginable health state 
for someone your age’ (VASyour-age) revealed similar results for the patients. This might 
suggest that age-related decline is not incorporated in patient self-rated HRQoL on the 
VASbest-health. An alternative explanation is that patients do not experience an age-related 
decline in health. However, when the anchors were changed to perfect health for a 
25-year-old person (VAS25-years), they did assess their HRQoL as lower, suggesting that 
patients do recognize that their health has declined with age. Therefore, it seems likely 
that patients do not incorporate age-related decline in health in their HRQoL ratings 
on the VASbest-health. This implies that the meaning of VASbest-health to patients does not 
differ from its meaning to the general population (as reported by Ubel et al.). That 
interpretation would remain in line with the conceptual model presented in this article. 
Despite the cognitive decline that the patient sample suffered from, it appears that 
VASs are understood identically by the patients and the general population. Thus there 
seems to be no need for researchers and clinicians to question the interpretation of 
results obtained by such instruments.
Reviewing the patient-by-proxy assessments, a different pattern emerges. Proxies give 
the patients’ health state a higher rating on VASbest-health than on VASyour-age. Surprisingly, 
this is not in line with the predictions of the conceptual model. The only explanation 
that would fit the model is that proxies consider age-related decline to be negative 
(so proxies would have judged patients to have shown improvement in their HRQoL 
as they aged), but this seems highly unlikely. A more plausible explanation is that the 
anchors mean different things to patients and proxies . One mechanism that could drive 
such a discrepant attribution is the decreasing scope for ambiguous responses in the 
mind of the respondent. Consider the following hypothetical example. It is possible that 
proxies understand VASbest-health implicitly as ‘the best imaginable health state for such a 
patient’. When they subsequently rate the health state of the patient on VASyour-age, the 
proxies realize that, compared to people of a patient’s age, the patients are actually 
doing worse. Thus they rate the patients lower on VASyour-age. Consider another example: 
a proxy might reason as follows when using VASbest-health to rate a patient: “I know she has 
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cognitive deficits, but she doesn’t seem to mind.” When that same proxy subsequently 
rates the same patient on VASyour-age the reasoning could be that: “She might not mind 
her cognitive deficits, but compared to a normal person of her age her health has 
declined.” Another possible explanation is that proxies have less opportunity to adjust 
their own coping mechanisms when shifting from VASbest-health to VASyour-age to VAS25-years. 
Thus, as they rate the HRQoL of a patient, they are partly rating their own provision of 
care. Such cognitive processes might be one of the reasons there was poor agreement 
between patients’ self assessments and proxies reporting on patients. In addition, they 
would fit the trend of decreasing agreement from VASbest-health to VASyour-age to VAS25-years.
Interestingly, when proxies assess their own HRQoL, their scores are lower on VASyour-age 
than on to VASbest-health. Apparently, they are judging their HRQoL as less than normal 
for people of their own age. This observation contradicts the conceptual model and it 
differs from what Ubel et al. found, namely that people did not give different scores for 
VASbest-health and VASyour-age. A possible explanation for this discrepancy is that proxies see 
themselves as active caregivers, which creates more stress and a greater burden than 
expected in a ‘normal’ person their age. These effects could decrease HRQoL among 
proxies, depending on their coping style.[57] 
The finding that VASbest-health is rated higher than VASyour-age is in contrast to what Ubel et 
al. found, although this divergence might be explained by differences in the research 
designs. In the study of Ubel et al. the respondents only assessed their own HRQoL; 
they did not rate the HRQoL of others. Furthermore, they used a between-subject 
design, so that each individual received only one version of the VAS. 
A limitation of the work presented here is that a within-subject design was used, 
without random ordering of the VASs (because this explorative exercise was not the 
main objective of the broader AD-Euro study). Therefore, it cannot be ascertained 
whether the scale recalibration effects are an artifact of order effects or whether they 
are genuinely present and contrary to previous findings. Nevertheless, when subjective 
HRQoL values are preferred, and proxies are used to assess these, researchers and 
clinicians should be aware of the potential discrepancy between the way patients and 
proxies understand the scale. Given the research design underlying the current paper, it 
is impossible to determine whether these discrepancies are systematic or not. Further 
research with longitudinal and between-subject designs could be initiated to investigate 
and overcome this limitation. 
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The work reported in the present paper has another limitation. Although it is highly 
likely that the different ratings were induced mainly by scale recalibration, other 
causative factors cannot be ruled out. First of all, the formulation of the anchors 
might have caused not only a change in scale recalibration, but also some elements 
of reconceptualization or reprioritization. For example, the explicit description of age 
in VAS25-years might have triggered recall of what was important to the respondent at 
that age, thereby inducing a reconceptualization or reprioritization of HRQoL. A second 
observation that might explain the difference in results between VASbest-health and VASyour-
age is that a substantial proportion of the respondents gave little to no attention to the 
upper anchor of VASbest-health, since this was the first VAS they were confronted with.[89] 
However, this would not explain the differences found between VASyour-age and VAS25-years, 
nor those between VASbest-health and VAS25-years.
It should be noted that the assumption of equal interval levels on the different VASs is 
strong. Relaxing this assumption would demand additional transformations to arrive at 
comparable HRQoL ratings. However, in the current model, such transformations would 
involve undefined parameters and therefore cannot be computed directly. In theory, 
such transformations would allow for comparable HRQoL estimates of all three VASs. 
Future research should be conducted on potential additional (chance) parameters that 
were not included in the conceptual model presented here. That investigation could 
elucidate whether the model can be extended in such a way that the results of the 
present work would no longer be violations of the conceptual model. 
The current work was performed on a sample that consisted mostly of patients with mild 
dementia. The choice of this population might affect the generalizability of the findings. 
For example, one could imagine that for proxies who take care of patients at a more 
severe stage of dementia, reconceptualization and reprioritization might play a bigger 
role than reported in this article. These reactions might then manifest themselves as 
different patterns of VAS ratings than those presented here. Furthermore, the current 
paper cannot adequately distinguish among the various cognitive processes that might 
be at work when proxies evaluate patient HRQoL. It is possible that assessing another 
person’s HRQoL in general leads to the reported patterns, though these could also 
be caused by the burden that the proxies have experienced. Future research should 
address these issues. In addition, a replication of proxy assessment on different VASs 
with a between-subject design is recommended. Such a study would be necessary to 
investigate whether the results reported here are replicable and representative of proxy 
assessment but also to correct for potential ordering effects.
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In conclusion, it is most likely that the use of VASbest-health in patients with dementia will 
lead to scale recalibration in patients with dementia. In addition, their understanding 
of VASbest-health will be identical to VASyour-age. Researchers and clinicians need to give 
these effects due consideration when using VASbest-health in groups ranging widely in age. 
Measurement by proxy does not comply with the conceptual model presented here. 
Therefore, future research should be done on HRQoL values assessed by proxies to 
identify additional parameters. Their incorporation could be a step toward explaining 
the deviations from the proposed model but also the discrepancy between the expected 
results and the patient self-assessed scores.
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Appendix
Here we will derive an ordinal scoring between Y
VAS A
, Y
VAS B
 and Y
VAS C
. Starting with Y
VAS A
 
and Y
VAS B
. First we express equation (2) in terms of DD. This gives the equation
   DD = 100 - YVAS B + ε. 
Substituting 100 - Y
VAS B
 + ε in Y
VAS A 
results in
   Y
VAS A
 = 100 - 100 + Y
VAS B 
 - ε - ( αDA ) + ε ⇔
   Y
VAS A
 = Y
VAS B 
 - ( αDA ) 
As α is defined as a non-negative parameter constrained between 0 and 1 and ε is a 
random term that disappears from the equation it follows that
   Y
VAS B
 ≥ Y
VAS A
.
Now we derive a scoring order for Y
VAS C
.
   DD = 100 - YVAS C - DA + ε.
Substituting 100 - Y
VAS C 
- DA + ε in YVAS A results in
   Y
VAS A
 = 100 - 100 + Y
VAS C 
 + DA - ε - αDA + ε ⇔   Y
VAS A
 = Y
VAS C 
+ (1 - α)DA ⇔   Y
VAS C
 = Y
VAS A 
- (1 - α)DA.
As α is defined as a non-negative parameter constrained between 0 and 1 and ε is a 
random term that disappears from the equation it follows that
   Y
VAS C
 ≥ Y
VAS A
.
We suppose a transitive relation so that if 
   Y
VAS B
 ≥ Y
VAS A
,
and 
   Y
VAS A
 ≥ Y
VAS C
, 
then 
   Y
VAS B
 ≥ Y
VAS C
.
Now we arrive at the following VAS ordinal relationship:
   Y
VAS B
 ≥ Y
VAS A 
≥ Y
VAS C
.  
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Abstract
Background: Index measures for health-related quality of life (HRQoL) quantify the 
desirability (utility) of a certain health state. The commonly used generic index measure, 
e.g. EuroQol: EQ-5D, may underestimate relevant areas of specific diseases, resulting in 
lower validity. Disease-specific index measures on the other hand combine disease-
specificity and quantification of perceived quality on several health domains of a certain 
disease into one single figure. These instruments have been developed for several 
diseases, but a dementia-specific HRQoL index instrument was not yet available. Facing 
the increasing individual and societal burden of dementia, specific HRQoL values with 
metric characteristics are especially useful because they will provide vital information 
for health outcome research and economic evaluations.
Aims of the study: To develop and validate the prototype of a dementia-specific HRQoL 
index measure: Dementia Quality of life Instrument (DQI), as the first step towards 
valuation of the dementia health state.
Methods: For development of the DQI we created a conceptual framework based on 
a review of the literature, qualitative interviews with people with dementia and their 
carers, expert opinion and team discussion. To assess validity we undertook a survey 
under 241 dementia professionals. Measurements consisted of ranking (1–5) and 
rating (1–10) of 5 dementia-specific DQI domains (memory, orientation, independence, 
social activities and mood) and simultaneously rating of 9 DQI-derived health states 
on a visual analogue scale (VAS). We also performed a cross-sectional study in a large 
sample of people with very mild to moderate dementia and their caregivers (N = 145) 
to assess feasibility and concurrent validity. In addition, caregivers valued 10 DQI and 10 
EQ-5D + C derived health states of the patient simultaneously on the same VAS. Setting: 
outpatient clinics, nursing homes and patient residences.
Results: All professionals judged the selected DQI domains to be relevant. Differences 
in ranking and rating behaviors were small. Mood was ranked (≥3.3) and rated (≥8.2) as 
most, orientation as least important (rank ≤2.6, value 7.5) health domain for dementia. 
For the validation part of this study the completion rates for all domains were above 98% 
for patients and 100% for caregivers on patients. A priori hypothesized DQI versus QOL-
AD correlations that were significant in both patients and caregivers were: memory/
memory, orientation/memory, independence/physical health, social activities/energy 
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and mood/mood. Patient/caregiver inter-rater agreement was low (K < 0.2) for memory/
independence, fair (K 0.2-0.4) for orientation/mood, and moderate (K 0.4-0.6) for social 
activities. Concurrent validity of the DQI with the EQ-5D + C was moderate. The fact 
that most of the correlations between the domains of these two instruments were low 
(≤0.40) showed that both instruments measure different elements of health status. As 
expected, modest correlations (≥0.40) were observed between corresponding domains 
of the two instruments.
Conclusions: Professionals judged all domains as relevant. The DQI prototype proved 
valid and feasible for patients and caregivers and is appropriate for very mild to 
moderate dementia. The differences in concurrent correlations with generic health 
status instruments imply that the dementia-specific DQI health domains indeed provide 
different information. The finding that patient HRQoL measured with the DQI was 
lower supports this notion. The new DQI shows comparable psychometric properties 
to the best available dementia-specific (QOL-AD) and generic (EQ-5D + C) measures. 
Further research is needed to generate values in the general population for each of 
the possible DQI states and to derive an algorithm that converts the 5 separate DQI 
domain scores into one single DQI Index score. Introducing the DQI Index will advance 
dementia-related HRQoL measurement by overcoming the shortcomings of generic and 
non-index instruments. This will allow more unequivocal interpretation of subjective 
dementia HRQoL states in dementia research.
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Introduction
Dementia is a devastating condition for patients and caregivers and a major public 
health concern due to its increasing incidence. Assessment of meaningful treatment 
benefits is complex. Many researchers state that cognitive response no longer suffices 
in anti-dementia trials [95]. There is emerging consensus on the value of patient-
reported outcomes such as health-related quality of life (HRQoL) [96]. There are two 
fundamentally different approaches to measuring HRQoL. The first is the standard 
‘questionnaire’ approach, using descriptive or profile instruments [37]. The second is 
the ‘index’ approach, using preference-based instruments [97,98].
Descriptive instruments summarize multiple domains of health status and are based 
on classical test theory [99]. A small set of related items covers the content of various 
health domains and a score for each dimension is generated. One such frequently used 
generic descriptive instrument is the SF-36 [78]. Examples of descriptive instruments 
that are used in dementia include the Quality of Life in Alzheimer’s Disease (QOL-AD) 
and the Dementia Quality of Life Instrument (D-QOL) [66,100].
Index measures quantify multiple health domains into one single metric figure. In 
the case of HRQoL, index measures quantify the desirability of a certain health state 
[101]. The generated values, variously called utilities, preferences or weights, are often 
unambiguous; e.g., a value of 1.0 stands for ‘perfect health’, 0.0 for ‘death’. HRQoL 
values with metric characteristics are especially useful because they are applicable in 
health outcome research and economic evaluations. Descriptive tools lack this feature. 
The EuroQol-5 D (EQ-5D) is the most widely used generic HRQoL index instrument 
[102,103]. It includes the five dimensions mobility, self-care, usual activities, pain/
discomfort and anxiety/depression.
Both descriptive and index instruments have generic and disease-specific versions, 
based on the extent to which illnesses are covered. Disease-specific instruments target 
individual diseases or specific health problems, while generic instruments are more 
universal and cover general health aspects.
Recently, Riepe et al. concluded that current HRQoL-index instruments, which have been 
useful in other contexts, are ill-suited and insufficiently validated to play a major role in 
dementia research, decision making and resource allocation [5]. They reported that six 
cost-effectiveness studies, using quality-adjusted life years (QALY) measurements, were 
unsatisfactory, and that large gaps existed between published measurements of HRQoL 
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and the quality standards required by guidelines. Their conclusion was supported by 
the consensus statement of the International Psychogeriatric Association that generic 
HRQoL index measures, such as the EQ-5D, are not satisfactorily validated in dementia 
and that this called into question previous health economic analyses [6]. The solution 
seems to be a disease-specific HRQoL index instrument. Such instruments have been 
developed for various diseases but not for dementia [104-108]. We therefore designed 
a dementia-specific index instrument, the Dementia Quality of life Instrument (DQI).
The DQI is a classification system based on the conceptual framework of the EQ-5D. We 
replaced the generic EQ-5D domains by domains that are better able to describe the 
health status in dementia. Our paper presents evidence for the construct validity of the 
DQI by a detailed listing of the steps taken to prove that the chosen domains indeed 
represent the construct [109]. Additionally, we undertook a survey under dementia 
professionals on the contents of the instrument. Next, relations to other variables were 
examined in dementia patients and their informal caregivers by correlating DQI scores 
with scores from two well-validated quality of life instruments, one generic and one 
dementia-specific. Finally, we report on the feasibility of the DQI in dementia patients 
and caregivers.
Methods
Development of the DQI
The following specific features and global constraints were formulated beforehand. 
1. Classification of the dementia health states should be based on a limited set of 
key domains to prevent cognitive overload. 2. Each separate domain should consist 
of a limited number of levels to facilitate rating. 3. All items should be unequivocally 
understandable. 4. Consistency throughout domains and levels is mandatory. 5. 
Responses should be uniform as much as possible. The EQ-5D, for which broadly 
acknowledged valuation procedures are available to elicitate corresponding values, is 
widely used due to its ease in use: answers to only five questions result in a HRQoL value. 
The format of the EQ-5D meets the above described criteria and was used as a template. 
A drawback of the EQ-5D + C is the presence of composite domains, i.e. pain/discomfort 
and depression/anxiety. Text books on composing questionnaires recommend to avoid 
composite items [99]. In the design of the DQI this has been deliberately avoided.
For further development of the DQI, a conceptual framework was generated from a 
review of the literature, qualitative interviews with people with dementia and their 
carers, expert opinions and team discussions. The first step was to identify the construct 
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and corresponding content. We searched the literature, databases, ProQolid (http://
www.proqolid.com) and systematic reviews on qualifications of HRQoL in dementia, 
for previously published instruments, and on HRQoL domains considered important in 
dementia. We also used qualitative and quantitative information from our earlier HRQoL 
research in Dutch dementia patients and professionals [36]. This generated a pool of 
potential scale items. The next step was expert evaluation and reduction of items by 
team discussion. The selected items were subjected to discussion and challenge within 
the AD-Euro study group to establish an operational consensus on valid items. The AD-
Euro study is a multicentre randomized controlled trial (RCT) that aimed to compare 
(cost-)effectiveness of post-diagnosis treatment and care-coordination of dementia 
patients-caregiver pairs by memory clinics versus general practitioners [30]. The experts 
(N = 6; two geriatricians, master of science in nursing, psychologist, psychometrician 
and epidemiologist) examined the items and selected the best in several rounds [30]. 
After each round, a summary from the previous round was provided and judged again. 
Finally, consensus was achieved in a group meeting resulting in a set of domains judged 
to fulfill content validity criteria.
Participants
Professionals were eligible for this validation study if they were working regularly 
with dementia patients in the field of diagnosis, care, treatment, coordination, and/
or counseling. Professionals were divided in subgroups, namely clinical geriatricians 
(and residents), elderly-care physicians, nurses/nursing assistants and social workers/
psychologists. Participants were recruited after a brief introduction during a national 
conference and by mail through the secretary of their professional associations.
Additionally, 145 pairs of community-dwelling dementia patients and their informal 
caregivers participating in the AD-Euro RCT (ClinicalTrials.gov NCT00554047) were 
included in the current study, by performing a cross-sectional analysis of data at T = 6 
months. The AD-Euro study which studied follow-up directly after diagnosis recruited 
175 patient-caregiver dyads, who visited a multi-disciplinary memory clinic (MMC) 
specialist, and followed them for a 1 year period. Inclusion criteria were: dementia 
fulfilling DSM-IV-TR criteria [32], Clinical Dementia Rating (CDR; 0–3) scale score of 
0.5-2 (0 for none, 0.5 for questionable/very mild, 1 for mild, 2 for moderate and 3 for 
severe dementia) [62]. Patients were excluded if 1) their life expectancy was less than 
1 year, 2) they were living in a nursing home or already evaluated as being suitable 
for living in a nursing home, 3) data collection was difficult (e.g. due to severe visual, 
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hearing or language impairment, mood disorder or behavioral disturbances), 4) 
the patient’s general practitioner did not agree to participate, 5) they were already 
participating in another study or visited the MMC for a second opinion, or 6) they had 
a definite indication for MMC follow up. In addition to the CDR, the Mini-Mental State 
Examination (MMSE) was administered, although scores on this instrument were not an 
inclusion or exclusion criterion. For further details regarding the AD-Euro study we refer 
to Meeuwsen et al [30]. Data was collected by trained interviewers, who administered 
the questionnaires (paper format) and the response tasks at the patient’s home. 
Interviews were planned in advance with both the patient and the proxy so that data 
collection occurred simultaneously. The measurements were performed by research 
assistants, who were blinded to group allocation. The tests were conducted according 
to the appropriate instructions to the instrument.
Validation of DQI domains
The survey among professionals consisted of three tasks. Task 1 was ranking and Task 
2 was rating the domains of the DQI. For Task 1, we asked respondents to choose the 
order of importance of the domains for dementia patients, from 1 (least important 
domain) to 5 (most important). For Task 2, respondents rated each separate domain. The 
assigned value varied between 1 and 10. A value of 1 meant that this domain is totally 
invaluable, 10 that it is very valuable for dementia patients. Although the valuation 
task is more informative, ranking can provide additional information over valuations, 
especially when the domains are more or less equally judged or when respondents 
are not capable to perform the more difficult valuation task. For Task 3 respondents 
valued nine dementia health-states, each consisting of a DQI domain combined with 
one out of the three levels of severity of impairment, on a visual analogue scale (VAS) 
with poles ranging from 0 (worst imaginable health) to 100 (best imaginable health). 
These hypothetical states were created in such a way that they largely covered the 
total spectrum of dementia severity. For the patients’ perspective, this task provided 
insight in the agreement of health state valuation between patients and proxies [101], 
as well as an indication whether a ranking task might be a feasible method of health-
state utility elicitation.
A similar procedure to Task 3 was performed among caregivers. They valued the 9 DQI 
health states, as well as the patient’s DQI health state, on the VAS. In addition to this, 
they also valued 9 hypothetical EQ-5D states as well as the patient EQ-5D state (as 
caregivers indicated it to be) on the VAS.
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Validation of DQI outcomes
Concurrent validity for the DQI was examined among caregivers by correlating the scores 
of the DQI with scores of two well-validated quality of life instruments, one generic and 
one dementia-specific. The generic instrument was the EQ-5D + C [79,110,111], and 
the dementia-specific measure the Quality of Life-Alzheimer’s Disease (QOL-AD) scale 
[66]. The EQ-5D + C is an extended version of the EQ-5D descriptive system with an 
additional cognitive domain.
Statistical analysis
For data analyses of the professionals, Kruskal-Wallis tests were performed to examine 
differences in ranking behaviors. Different rating behaviors for the separate health 
domains were assessed with one-way ANOVAs. The same analysis was used to explore 
possible differences in rating behaviors for the assessment of the constructed DQI 
health states. Additional Tukey post-hoc tests were performed to examine professional 
sub-group differences.
To examine the concurrent validity, Spearman rank correlations were calculated between 
DQI and EQ-5D + C [79,111], and between DQI and QOL-AD [66]. It was hypothesized that 
the following DQI (higher score = worse HRQoL) versus EQ-5D + C (higher score = worse 
HRQoL) scores on similar domains would show positive (correlation coefficient ρ > 0.2) 
and significant (P < 0.05) correlations: memory/cognition, orientation/cognition, 
independence/self-care, independence/usual activities, independence/cognition, 
social activities/usual activities, mood/pain-discomfort, and mood/anxiety-depression. 
Furthermore, it was hypothesized that the following DQI (higher score = worse HRQoL) 
versus QOL-AD (higher score = better HRQoL) correlations were negative correlations 
(ρ > 0.2) and that they would be significant (P < 0.05): memory/memory, orientation/
memory, independence/physical health, independence/ability to do chores around the 
house, social activities/energy, social activities/ability to do things for fun, and mood/
mood. Additionally, it was hypothesized that correlations on patient-data would be 
lower than caregiver-data, because of the cognitive effects of dementia.
VAS scores of the patients’ health state on the DQI and EQ-5D as assessed by the 
caregiver were compared by means of a paired sample t-test. A significant difference 
between the average scores of the patients’ health states would be interpreted as 
discriminative validity of the DQI.
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Data were analyzed using SPSS (version 17; SPSS, Inc., Chicago, IL). Patient-caregiver 
inter-rater agreement was examined by quadratic-weighted Kappa coefficients. 
Feasibility of the DQI, EQ-5D + C and the QOL-AD were assessed by a missing values 
analysis. Descriptive statistics were used to examine characteristics at baseline.
Results
Design of the DQI
The first step in the design of the DQI consisted of selection of the most relevant 
domains for dementia, as described above. By consensus five domains (Table 1) were 
finally selected, which were deemed to comply with the formulated constraints and 
criteria: memory; orientation (in time and/or place); independence (in daily activities); 
(engagement in) social activities; and mood. 
Table 1 Selection of domains for Dementia Quality of life Instrument (DQI)
Source M
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GINO/CIZ + + + + + + +
CDR + + + + + + + +
NPI + + +
Patients + + + + + +
Professionals + + + +
Literature + + + + +
GDS + + + + + +
CRBRS + + + + + +
GAS + + + + + +
PGC + +
DEMQOL + + + + + + + +
EQ-5/6D + + + + +
CIBIS + + + + + + + + +
IDDD + + + + + + +
Abbreviations: ADL: Activities in Daily Living. IADL: Instrumental ADL. Independ.: independency. Probl.: problem. 
Funct.: functioning. Relat. ships: relationships. GINO/CIZ: Geïntegreerd Informatienetwerk Ouderenzorg/Centrum 
Indicatiestelling Zorg [112]. CDR: Clinical Dementia Rating scale [62]. NPI: NeuroPsychiatric Inventory [113]. GDS: 
Global Deterioration Scale [114].CRBRS: Crichton Royal Behavioural Rating Scale [115]. GAS: Goal Attainment 
Scaling [116]. PGC: Philadelphia Geriatric Center (PGC) Morale Scale [117]. DEMQOL: DEMentia Quality Of Life 
[118]. EQ-5/6D: EuroQol-5/6 dimensions [79,111,119]. CIBIS: Clinician Interview Based Impression of Severity 
[120]. IDDD: Interview of Deterioration of Daily living in Dementia [121].
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Next, the present status of the patient on these five domains was formulated as a simple 
statement. The resulting descriptions were combined with one of three severity levels: 
level 1 = no problems; level 2 = some problems; level 3 = extreme problems. Thus, 
11111 represents the best dementia health state, 33333 the worst. Theoretically, this 
set of five domains and three levels allows for 243 (35) different health state descriptions 
across domains and stages relevant in dementia [102]. This resulted in the prototype of 
the DQI (Figure 1). The second part of the DQI consisted of a visual analogue scale (VAS). 
This is a vertical 200 mm ‘thermometer’, with 0 indicating the worst imaginable health 
state and 100 indicating the best imaginable health state.
Figure 1 DQI health states (prototype): combinations of five health domains and three levels of severity.
Baseline characteristics
The mean age of the 241 professionals varied between 37 ± 8 years (clinical geriatricians) 
and 48 ± 8 years (elderly-care physicians). Nurses were 42 ± 2 years of age, nursing 
assistants 39 ± 10, and social workers/psychologists had a mean age of 44 ± 13 years. 
Almost two-thirds were nursing assistants (N = 77) or nurses (N = 70). Almost one-third 
of the participants were physicians: 21% clinical geriatricians and 11% elderly-care 
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physicians. A smaller fraction consisted of social workers/psychologists (together 7% of 
total). All participants were working in general hospitals or nursing homes. The majority 
of professionals were female (88% of total, 77-96% of the various subgroups).
The mean age of the patients varied between 80 ± 6 years, 58% were female. Alzheimer’s 
disease was the most prevalent diagnosis (62%), followed by mixed dementia (28%), 
vascular dementia (6%) and other (4%). Average patient CDR-scores were 1.1 (SD 0.41), 
consistent with mild dementia and mean patient MMSE scores were 22.1 (SD 4.3). 
Patient-caregiver relationships were defined as partners (57%), children (37%) or other 
(6%). Caregivers were 66 ± 13 years of age, 71% were female.
Validation of DQI domains in professionals
Task 1: Domain ranking task
Ranking of the domains showed for the total group that mood was ranked as the most 
important health domain for dementia patients, followed by independence. Social 
activities, memory, and orientation were judged as less important. However, absolute 
differences were rather small (Table 2). 
Table 2 Results of ranking and rating of Dementia Quality of life Instrument (DQI) domains by professionalsdel
Ranking Values; Range: 5 (highest importance) to 1 (lowest importance)
Memory Orientation Independence
Social 
activities Mood
Total group 2.55* 2.3 3.68 2.69 3.78
Nurses 2.77 2.39 3.86 2.66 3.31
Nursing assistants 2.66 2.39 3.14 2.54 4.26
Geriatricians and residents 2.52 2 4.02 2.88 3.61
Elderly-care physicians 1.69 2.19 3.96 3.04 4.11
SW† and psychologists 2.44 2.61 3.89 2.44 3.56
* Mean
† Social workers
‡ Mean (Standard Deviation)
Rating Values; Range: 1 (not valuable) to 10 (very valuable)
Memory Orientation Independence
Social 
activities Mood
Total group 7.2 (2.0)‡ 7.0 (1.6) 8.2 (1.5) 7.7 (1.3) 8.5 (1.4)
Nurses 7.9 (1.5) 7.5 (1.4) 8.5 (1.4) 7.8 (1.3) 8.3 (1.4)
Nursing assistants 6.9 (2.3) 6.9 (1.5) 7.5 (1.5) 7.6 (1.4) 8.9 (1.1)
Geriatricians and residents 7.0 (1.9) 6.6 (1.8) 8.4 (1.4) 7.6 (1.1) 8.2 (1.4)
Elderly-care physicians 6.7 (1.8) 6.9 (1.4) 8.4 (1.6) 7.7 (1.5) 8.8 (1.0)
SW† and psychologists 7.4 (1.7) 7.5 (1.5) 8.6 (1.6) 7.7 (1.0) 8.6 (1.2)
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Task 2: Domain rating task
The results of the domain rating task of the total group of professionals showed exactly 
the same ordering as found for the ranking task (see Table 2). Scores were highest 
(most valuable) for mood (8.5) and lowest for orientation (7.0). Rating behaviors 
differed between subgroups for memory, orientation and independence. Memory 
and orientation were judged more valuable by nurses, and nursing assistants judged 
independence less valuable. Differences in rating behavior on the other domains were 
non-significant. Results of comparisons between subgroups on rating as the least or 
most valuable domain showed significant differences (P < .05) for memory, orientation 
and independence.
Task 3: Health state valuation task
This task showed that DQI state 33333 was valued lowest with a value of 11.3 on the 
VAS (0–100) whereas DQI state 12211 was valued as the best state with a value of 88.4 
(Figure 2).
Figure 2 Valuation (Task 3): scoring of 9 DQI health states on a visual analogue scale.
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Significant differences in values between the subgroups of professionals were observed 
for states 12211, 21122, 12132, 22222, and 11133 (all P < 0.05). For all these hypothetical 
health states, both nursing assistants, nurses valued these dementia states as better 
compared to other subgroups of professionals. There was a significant difference 
between the average DQI patient health state and the average EQ-5D patient health 
state, as indicated by caregivers.
Validation of DQI outcomes in patients and caregivers
The a priori hypothesized DQI versus EQ-5D + C correlations that were significant 
in both patients and caregivers were: memory/cognition, orientation/cognition, 
independence/self-care, independence/usual activities, independence/cognition and 
mood/depression-anxiety (Table 3). Correlations that were hypothesized a priori but 
were not significant for patients were: social activities/usual activities and mood/pain-
discomfort. These correlations were significant for caregivers.
Table 3 Correlations between DQI and EQ-5D+C
Assessment of caregivers on patients
Memory11 Orientation Independence
Social 
activities Mood N
Mobility2 0.27** 0.13 0.23** 0.07 0.11 145
Self-care 0.26** 0.19* 0.42** 0.05 0.18* 145
Usual Activities 0.36** 0.25** 0.46** 0.22** 0.15 145
Pain/discomfort 0.12 0.17* 0.06 -0.09 0.18* 145
Depression/anxiety -0.04 0.01 0.05 0.12 0.50** 145
Cognition 0.49** 0.36** 0.39** 0.11 0.19* 143
1 DQI domains
2 EQ-5D+C domains
* Correlation is significant at the 0.05 level (2-tailed)
** Correlation is significant at the 0.01 level (2-tailed)
Self assessment of patients
Memory1 Orientation Independence
Social 
activities Mood N
Mobility2 0.24** 0.09 0.22** 0.09 -0.06 139
Self-care 0.22** 0.20* 0.30** 0.10 0.01 139
Usual Activities 0.17* 0.20* 0.29** -0.02 0.15 140
Pain/discomfort 0.10 0.19* -0.03 -0.01 0.01 140
Depression/anxiety -0.05 0.01 0.03 -0.13 0.20* 140
Cognition 0.35** 0.32** 0.20* -0.09 0.05 139
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A priori hypothesized DQI versus QOL-AD correlations that were significant in both 
patients and caregivers were: memory/memory, orientation/memory, independence/
physical health, social activities/energy and mood/mood. Correlations that were 
hypothesized a priori but not statistical significant for patients were: independence/
ability to do chores around the house and social activities/ability to do things for fun. 
These correlations were statistically significant for caregivers. Patient/caregiver inter-
rater agreement was low (K < 0.2) for memory and independence, fair (K 0.2-0.4) for 
orientation and mood, and moderate (K 0.4-0.6) for social activities.
Feasibility of the DQI was assessed by completion rates. All five domains had a completion 
rate of above 98.6% for patients, whereas for caregivers the completion rate was 100% 
in all domains. Patient completion rates for the EQ-5D + C were 97.9% for self-care and 
cognition, 98.6% for mobility and daily activities and 99.3% for pain/discomfort and 
anxiety/depression. Caregivers had a completion rate of 100% in all domains. Patient 
completion rates for the QOL-AD were 77.1% for marriage (the low completion rate 
of this item may be explained by the fact that the question about marriage was often 
answered with ‘not applicable’), 98.6% for friends and ability to do chores around the 
house, 99.3% for self as a whole and 100% for the remaining domains. Caregivers had a 
completion rate of 90.9% for marriage, 99.3% for mood and ability to do things for fun 
and 100% for the remaining domains.
The patient health state as classified by caregivers on the DQI was rated statistically 
significantly lower than the patient health state classified by caregivers on the EQ-5D 
(difference Χ̅ = 13.69, SD 21.03, p < 0.001, Figure 3). 
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Discussion
The present study provides evidence for validity and feasibility of the DQI in dementia, 
which was based on a literature search, patient information, expert opinion and team 
discussion, and for format adapted from the widely used generic index instrument EQ-
5D. In the subsequent empirical validation and reliability testings, both in professionals 
and patients, and carers we found that the dementia specific DQI had added value 
compared to the generic health status quantification with the EuroQol or the descriptive 
quality of life rating with the QOL-AD.
Our survey under dementia professionals showed that the selected DQI health domains 
were considered as relevant and important for HRQoL of dementia patients. Overall 
values were well in the upper range from 1 (not valuable) to 10 (very valuable). Mood 
was judged as most important and orientation as least important domain. Small 
differences between professional subgroups could probably be explained by their 
Figure 3 Simultaneous assessment by caregivers of patients’ HRQoL with Dementia Quality of life Instrument 
(DQI) and EQ-5D.
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different professional backgrounds, different types of professional contact, and stage of 
dementia that they face while working with their patients. In more advanced stages of 
dementia other needs, priorities and symptoms emerge.
Our concurrent validation study, in dementia patients and in caregivers on patients, 
showed that the DQI (a dementia-specific HRQoL index instrument) correlated 
moderately with the EQ-5D + C (a generic HRQoL index instrument) and the QOL-AD (a 
dementia-specific HRQoL instrument). The fact that most of the correlations between 
the domains of the EQ-5D + C and the DQI are rather modest shows first of all that 
each of the separate domains of both instruments are relatively independent. This 
indicates that the content of the domains reflect different elements of health status. 
The same holds between the five domains of the two instruments itself. Correlations 
were highest when the domains were (nearly) identical between the instruments. The 
differences in correlations imply that the dementia-specific DQI health domains indeed 
provide different information than the generic EQ-5D + C health domains. The finding 
that patient HRQoL measured with the DQI was lower than measured by the EQ-5D + C 
supports this notion. No statistically significant correlation was observed between the 
mood domain of the DQI and the pain/discomfort domain of the EQ-5D + C. This may 
be a result because these are different constructs.
In our validation studies, caregiver correlations were higher than patient correlations. 
This can probably be attributed to the cognitive effects of dementia. Nevertheless, 
patient-caregiver inter-rater agreement was fair on average and the results are in line 
with other instruments used with dementia patients and caregivers [16,122].
The feasibility of the DQI was very high and comparable to that of the EQ-5D + C and the 
QOL-AD. Nearly all patients and all caregivers were able to complete the instrument. 
Therefore, we conclude that the DQI performs well for evaluating HRQoL in a mild to 
moderate dementia population.
Our next step is to convert the DQI prototype into the final version of the DQI and to 
generate values for each of the possible DQI health states. These values will be generated 
in the general population, with sufficient older persons, to derive an algorithm that 
converts the separate DQI domain scores into one single DQI index score. This metric 
figure will enable unequivocal interpretation of subjective dementia HRQoL states. The 
DQI Index is the ‘raison d’être’ for the DQI. The EQ-5D does provide HRQoL values, but is 
too generic (lacks content validity) to acknowledge the specific problems of dementia. 
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The QOL-AD and other similar instruments (e.g. D-QOL) are dementia-specific, but 
have only been developed to produce a sum score for a set of separate domains. The 
DQI Index will advance HRQoL measurement in dementia by overcoming both these 
shortcomings, and therefore provide the field with an outcome measure of added value 
for evaluation research in dementia.
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To the Editor
We welcome the efforts of Mulhern et al. [31] to improve the estimation of quality-
adjusted life-years in dementia. Indeed, we have previously argued that instruments 
measuring dementia-specific health-status utilities would represent a major step 
forward in dementia research [7]. Nonetheless, we have some reservations about 
certain aspects of the DEMQOL-U and DEMQOL-Proxy-U developed by these authors. 
In particular, we have concerns about the content validity of the DEMQOL-U and the 
analytical strategies applied by its developers.
Content Validity
Our first concern is regarding the items Mulhern et al. have selected for their health-
state classification system (DEMQOL-U). We question the content validity of the items, 
because these do not cover the full spectrum of dementia health-related quality of life 
(HRQOL). In our opinion, the authors place too much emphasis on mood-related items. 
It is generally accepted that health is composed of three domains: physical, mental, 
and social [123] and [124]. One would therefore expect any HRQOL measure to cover 
all three to at least some degree. Disease-specific HRQOL measures will most likely put 
more emphasis on one or two of the three domains depending on the disease. In the 
case of dementia, one would expect an instrument to emphasize mental and social 
well-being. This is exactly what the original DEMQOL does. In contrast, not all these 
domains are covered by the DEMQOL-U.
The authors of the original article describing the development of the DEMQOL measure 
used a conceptual framework of five domains: 1) daily activities and looking after 
yourself, 2) health and well-being, 3) cognitive functioning, 4) social relationships, and 
5) self-concept [125]. By comparison, three of the five items of the DEMQOL-U fall 
under “health and well-being” and two under “cognitive functioning.” This suggests 
that domains 1, 4, and 5 that Mulhern et al. intended to cover were omitted from 
their classification system. In the article by Smith et al. [125], the authors present a 
preliminary factor analysis solution for the field test data. It covers four factors: 1) daily 
activities, 2) memory, 3) negative emotion, and 4) positive emotion. The final field test 
revealed a different four-factor structure, which the authors found more difficult to 
interpret.
The study by Mulhern et al. advances a five-factor solution replicating the original factors 
2, 3, and 4. In addition, it identifies two new factors, Social relationships and Loneliness. 
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The omission of a domain that describes physical functioning (and thus impacts daily 
activities), however, is a major concern. Dementia denotes a class of illnesses that 
occur mostly in frail elderly people. Accordingly, many patients with dementia suffer 
from physical comorbidity. Thus, the omission of a physical domain could lead to the 
overestimation of patient-reported utilities.
The absence of several relevant conceptual domains is not our only concern. The items 
covering cognition and relationships that are part of the DEMQOL-U classification 
system might indicate some aspects of “worrying” in addition to or instead of the 
intended item content because of the way they are framed. The DEMQOL measure was 
framed in aspects of worrying because this stem was most easily understood during 
pretesting. The authors of the DEMQOL, however, allocated “being worried or anxious” 
to the domain of health and well-being. In that light, framing separate items in terms of 
“being worried about …” raises the possibility of confounding for these items.
Analytical Strategies
Our second concern is regarding the analytical strategies applied by Mulhern et al., 
namely, factor analysis and Rasch analysis. Factor analysis seems unnecessary, because 
the same technique was used to develop the original DEMQOL instrument, albeit the 
number of observations was substantially lower in the earlier study. This may explain 
the differences between the solutions found in each study. It should be noted that factor 
analysis is fully directed by relationships (i.e., correlations) between variables (i.e., 
items). This means that two items with more or less equal distributions of responses 
(i.e., frequencies) will load on the same factor. However, factor analysis results will not 
tell us anything about the weight (i.e., importance) of these items.
Subsequently, the authors apply Rasch analysis on the items for each factor derived by 
the factor analysis. In the Rasch analysis, they perform several tests, one of them testing 
for the unidimensionality of each dimension. This does not yield much information, 
because the basic feature of factor analysis with varimax rotation is that it produces 
orthogonal (i.e., unidimensional) factors. Apart from this, the standard Rasch analysis 
may not be the correct response model for the type of data that are obtained in the 
setting of reported health levels. Mulhern et al. apply the Rasch model to Likert items, 
although these items do not have the correct response structure. We have noticed 
this incongruence in many other studies directed at transforming descriptive HRQOL 
questionnaires or instruments into preference-based HRQOL instruments [126], 
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[127], [128], [129] and [130]. Rasch analysis requires a “cumulative” data structure (if 
a respondent agrees with a statement of a certain level, this means that this person 
also agrees with the statements that precede this level). In standard descriptive HRQOL 
questionnaires, we are dealing with an “ideal point” or “single-peaked” data structure. 
When persons whose attitudes are to be measured agree or disagree with a statement, 
the implied response function is single-peaked. In other words, it is expected that a 
person will agree with the statements that are close to the person’s own attitude and 
disagree with those statements (e.g., categories of the item) that are far from the 
person’s location on the scale in either direction.
Coombs [131] developed this implied response process within a deterministic framework 
and coined the term “unfolding” for the simultaneous processes of locating persons 
and items on a scale from the agree/disagree responses. This term continues to be used 
in the literature. Unfolding, however, became extremely cumbersome for more than 
four statements. Therefore, it did not pose a challenge to the Likert approach as the 
favored procedure in practice. Nonetheless, modern extensions of this unfolding model 
that can deal with a large number of statements now exist. Given the response options 
for the items in the DEMQOL, we believe that such a probabilistic unfolding model for 
polytomous responses may have been a more valid method for item selection [132].
In summary, we feel that the introduction of the DEMQOL-U represents an important 
step in the right direction. The instrument, however, still has two important weaknesses: 
insufficient comprehensiveness and limited validity of data analysis. These weaknesses 
require further consideration before its use in research and clinical practice is warranted.
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Abstract
Background: Research on new treatments for dementia is gaining pace worldwide in an 
effort to alleviate this growing healthcare problem. However, the optimal evaluation of 
such interventions calls for a practical and credible patient-reported outcome measure, 
one that yields a valid valuation of the most relevant dementia-related aspects of the 
patients’ health status. For this purpose we have refined the Dementia Quality-of-life 
Instrument (DQI). Presented here in its final version, this instrument was developed to 
evaluate health-related quality of life (HRQoL) in dementia-related interventions but 
also to monitor patient groups. Health-state values for such instruments are usually 
derived from the general population. Given the paucity of knowledge on dementia 
among lay persons, however, we also derived values from dementia professionals.
Methods: A prototype of the DQI was adapted to cover a broader range of HRQoL and 
to improve consistency in the descriptions of its domains. A valuation study was then 
conducted to assign meaningful numbers to all DQI health states. Pairs of DQI states 
were presented to a sample of dementia professionals and a representative sample 
of the Dutch population. They had to repeatedly select the best DQI state, and their 
responses were statistically modeled to obtain values for each health state. 
Results: In total, 207 dementia professionals and 631 members of the general 
population completed the paired comparison tasks. Statistically significant differences 
between the two samples were found for the domains of social functioning, mood, 
and memory. Severe problems with physical health and severe memory problems were 
deemed most important by the general population. In contrast, severe mood problems 
were considered most important by the dementia professionals.
Conclusion: The DQI is a simple and feasible measurement instrument that expresses 
the overall HRQoL of patients suffering from dementia in a single meaningful number. It 
is now ready to be used for evaluation studies. Because of the paucity of knowledge in 
the general population, the better statistical fit of the model, and better performance 
on validity indicators, we recommend using the values derived from dementia 
professionals for the DQI. 
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Introduction
Dementia has a major impact on health-related quality of life (HRQoL), and its prevalence 
is expected to double or triple by 2050 [4,33]. Because of this rapid increase and the 
poor prospects of a cure in the near future, some governments now seek to keep 
people in the community as long as possible. Currently, many interventions are directed 
to the anti-amyloidal or other pathways. However, these trials rarely use HRQoL as an 
outcome measure, even though maintaining or improving HRQoL is a primary goal in 
dementia care. In light of the current perspective, the innovative HRQoL measures [36] 
described in this paper may give impetus to intervention studies with societal benefits.
HRQoL instruments that enable the generic expression of the quality of patients’ health 
status in a single standardized value (index) are increasingly important, as these are 
most often used to evaluate the cost-effectiveness of interventions. Generic index 
instruments such as the EuroQol-5D (EQ-5D) [68], the Short-Form 6-D (SF-6D) [133], 
and the Health Utility Index (HUI) are already available for this purpose [134]. However, 
in the field of dementia, clinicians and researchers generally discredit the use of generic 
HRQoL index instruments because these do not specifically concern the most relevant 
domains affected by the disease [7,135,136]. The general objection is that their results 
are insufficiently valid. Instead, researchers suggest the use of disease-specific index 
instruments [5], which focus on the most relevant health domains affected by a certain 
disease. 
All HRQoL index instruments apply valuation techniques to arrive at single HRQoL 
values (variously called utilities, weights, or indices) for all of the health states that 
can be defined by these instruments. Basically, HRQoL index instruments comprise 
a predetermined and fixed set of health domains, each with levels that indicate the 
seriousness of these domains. Together that set of domains constitutes the classification 
system of a particular instrument. Each possible combination of domain levels is 
assigned a metric value expressing the overall value of a health state, which comprises 
the valuation stage. In this part of the task, the respondents have to assess the overall 
descriptions of health states instead of working through the list domain by domain (or 
item by item), the latter being standard procedure in descriptive HRQoL questionnaires. 
Any HRQoL index instrument should be based on a limited set of key domains because 
respondents can only process a small amount of information simultaneously [137]. As 
empirical studies show (and theories underpin this), a limited set of key domains may 
be sufficient to describe overall HRQoL. It is crucial to include only the most important 
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and relevant health domains in the HRQoL index instrument. Including non-key domains 
might increase the content marginally but increase the difficulty of the assessment 
tasks substantially. 
Conventionally, values for health states are derived from members of the general 
population [13,14]. However, respondents who evaluate hypothetical health states 
might not be familiar with dementia. It seems reasonable to assume that healthy 
people have insufficient information or imagination to make a valid judgment about 
the impact of dementia in its various stages [138-140]. The best judges of a health 
state are presumably those who have actually experienced it. In the case of dementia, 
however, their judgments about their own health state are probably biased due to their 
loss of insight. An alternative would be to question informal caregivers or dementia 
professionals, as both groups have regular contact with people with dementia and are 
familiar with its impact on HRQoL. For this reason, the current study investigates values 
derived from dementia professionals and lay persons. Based on the literature [138-140] 
we hypothesized that it would be likely for the judgments of these two groups to differ 
substantially, in which case we would advocate using the values of the professionals.
In this article, we describe the stages in the development of a new dementia-specific 
HRQoL index instrument specifically designed for community-dwelling people with 
dementia, the Dementia Quality-of-life Instrument (DQI). We then demonstrate how to 
apply this novel instrument. 
Methods
Respondents
A sample was drawn among professionals working in the field of dementia, who were 
then invited to participate in an online survey for the valuation study. They were 
contacted via the Dutch national society of clinical geriatricians, the society for elderly 
care specialists (working in long-term care facilities), the Dutch institution for mental 
health care and addiction treatment, and professionals working with dementia patients 
at the Radboud University Medical Center, Nijmegen, and the Slingeland Hospital, 
Doetinchem, all in the Netherlands. 
In addition, a market research company (Survey Sampling International, Rotterdam) 
recruited members of the general population. They were selected from this company’s 
respondent panel. Quota sampling (n = 600) was used to recruit respondents aged 18-
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75 years who were representative of the Dutch population with regard to age, gender, 
geographical area, and education. They were invited by email and redirected to an 
online survey.
Instrument
The DQI describes dementia-specific HRQoL in 6 domains: 1) physical health, 2) self-
care, 3) memory, 4) social functioning, 5) mood, and 6) orientation. To facilitate rating, 
each domain consists of a limited number of levels: 1) no problems, 2) some problems, 
and 3) severe problems. The DQI is intended for use in community-dwelling patients. 
Given this number of 6 domains with 3 levels each, a total of 36 (729) different health 
states can be created. Each health state can be classified by a 6-digit code consisting of 
one digit per domain (Figure 1).
Figure 1 The Dementia Quality of Life Instrument (DQI).
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The final DQI differs from its prototype [141] in several ways. The prototype was 
restricted to 5 domains, as the feasibility of 5 domains had been found acceptable for 
people with dementia as well as their caregivers [122,142-145]. In the AD Euro study 
[29,30] the DQI prototype showed a similar level of feasibility among people with 
dementia and their caregivers [146]. Additionally, the EQ-5D+C [111] has been used 
to measure HRQoL in people with dementia and their proxies. That study suggested 
that it may be feasible to allow for a 6th DQI domain. Data on file (unpublished) 
indicated that professionals working with people with dementia regarded physical 
health as the most relevant domain of HRQoL. Therefore, this domain was added to 
the classification system. The new selection of domains allowed a broader coverage of 
HRQoL. In addition, the prototype underwent minor changes to improve consistency 
and uniformity throughout the domains and levels. 
Health-state assessment
Respondents from the professional panel and the general population were repeatedly 
presented with two different health states (paired comparisons) and asked to indicate 
which one they preferred. The DQI classification system allows for 729 health states, 
which makes it impractical to conduct a valuation study in which all states are assessed 
(full factorial design). Instead, a near-orthogonal main effects design was generated 
(Sawtooth software, complete enumeration option) to meet certain methodological 
criteria (minimal overlap, level balance, and orthogonality) [147,148]. An orthogonal 
design allows the estimation of main effects independent of one another. All 
presentations of health states (paired comparisons) and all health domains in each 
description were randomized. 
The designs also contained some paired comparisons (  4%) in which one of the two 
health states was dominant. A dominant comparison means that one health state was 
equal to or less severe on each of the domains compared to the other health state. 
Such comparisons served as a validity check; the number of ‘wrong’ answers on such 
tasks indicates how well the respondents paid attention and understood the paired 
comparison task.
The survey started with demographic questions (e.g., age, gender, and location). 
Respondents were also asked about their experience with severe disease (such as 
dementia) -- whether they had experienced it themselves, in family members, or by 
providing care for others. However, the ‘dementia’ label was not used, as we did not 
want to incur stereotyping of health states later on in the experiment. They were 
~
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subsequently instructed on the definitions of the problems covered by the domains 
of the DQI (E-appendix A) and then on the paired comparison tasks. Afterwards, 
the instrument’s feasibility was assessed by presenting the respondents with four 
statements: 1) The instructions made it clear what was expected of me; 2) It was easy 
to distinguish the health states that I had to compare; 3) I found it difficult to make a 
choice between the health states; and 4) The questions were easy to understand. Each 
of these statements had to be answered on a 5-point scale ranging from ‘strongly agree’ 
to ‘strongly disagree’. Overall feasibility was expressed as the percentage of respondents 
using the categories ‘strongly agree’ and ‘agree’.
Analyses
This study is couched in a framework of modern probabilistic discrete choice theory 
[26,27,149] in order to ascertain the relative merit of health states. A well-established 
member of this class of choice models (conditional fixed-effects logit model; clogit 
command in STATA, version 10) was applied to estimate the weights of the domain 
levels. Prior to analysis, the domain levels were dummy coded. A separate analysis was 
performed on the dominant tasks as a quality check.
Our aim is to demonstrate that DQI health-state values can be used to compute quality-
adjusted life years (QALYs). To do so, we have to calibrate these values on the ‘dead -- 
full health scale’. This calibration task is presented in Appendix B. The results section will 
display the conditional fixed-effects logit model rescaled to the ‘dead -- full health scale’
To investigate whether dementia professionals and lay people interpreted dementia 
health states similarly, domain-level weights were compared across the two samples. 
That required combining the samples and estimating a new model that included the 
interaction terms between each of the domain levels and a dummy variable to indicate 
the sample. A significant interaction term would imply that there are differences 
between dementia professionals and lay people. 
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Results
Respondents
The paired comparison tasks were completed by 207 dementia professionals and 631 
respondents from the general population. The latter sample was representative of the 
Dutch general population in terms of age, gender, and education (Table 1).  
Table 1 Sample characteristics (Dutch population values displayed as a reference)
 Characteristics Professional sample General sample Dutch population2
n (%) n (%) (%)
Age
18-24 0 0.0 75 11.9 11.7
25-34 61 29.5 136 21.6 21.3
35-44 55 26.6 141 22.4 22.3
45-54 57 27.5 123 19.5 20.2
55-64 34 16.4 109 17.3 24.53
65-74 0  0.0 47  7.5
Gender
Male 55 26.6 310 49.1 49.9
Female 152 73.4 321 50.9 50.2
Education
Low 1  0.5 208 33.0 34.3
Middle 13  6.3 270 42.8 42.1
High 193 93.2 153 24.3 23.5
Experience with severe disease
Personal 22 10.6 144 22.8 -
In family 159 76.8 436 69.1 -
By caring for others 144 69.6 189 30.0 -
1. Differences between the General sample and the Dutch population tested with a    2 –test resulted in 
p-values > 0.1 for all age, gender and education categories.
2. Data based on Statistics Netherlands (www.cbs.nl). Situation in 2011.
3. 55 years and older.
Sample quality and feasibility
In the paired comparison tasks, the dementia professionals selected 97 out of 98 
dominant comparisons, indicating that 99% of the comparisons were correctly 
understood. In total 387 dominant paired comparison tasks were performed by the 
general population sample. In 350 of these, the dominant option was indeed selected, 
indicating that 90% of the comparisons were correct. The difference between the lay 
persons and the professionals was statistically significant (  2=7.898, p < 0.01). The 
feasibility was considered acceptable by 63.2% of the lay people and 72.9% of the 
professionals (Table 2). 
χ
 χ
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Domain-level weights
Dementia professionals attached the highest weight (i.e., burden) to severe mood 
problems (Table 3). In contrast, the general population attached the highest weight to 
severe problems with physical health and severe memory problems. Four domain levels 
were statistically significantly judged as more important by the dementia professionals, 
namely, ‘severe problems with social functioning’, ‘some mood problems’, ‘severe mood 
problems’, and ‘severe memory problems’ (all p <0.001). All other interaction effects 
were not statistically significant (all p > 0.1). The DQI health-state values can simply be 
calculated as displayed in Figure 1. They range from 1 to -0.103 (Appendix B).
Table 2 Feasibility of the discrete choice experiment in comparing health states as evaluated by the dementia 
professionals and general population sample (responses in % per category)
Sample
Strongly 
agree Agree NeutralDisagree
Strongly 
disagree
Dementia professionals (n=207)
The instructions made it clear what was expected of me 45.4 49.3 2.9 2.4 0.0
It was easy to distinguish the health states that I had to 
compare
6.8 26.6 23.7 30.4 12.6
I found it difficult to make a choice between the health 
states
26.6 51.2 13.0 6.8 2.4
The questions were easy to understand 29.0 56.5 8.2 4.3 1.9
General population (n=631)
The instructions made it clear what was expected of me 27.3 47.7 17.9 3.5 3.6
It was easy to distinguish the health states that I had to 
compare
9.7 35.2 31.9 17.4 5.9
I found it difficult to make a choice between the health 
states
23.1 36.0 23.8 13.0 4.1
The questions were easy to understand 27.6 46.3 18.9 4.3 3.0
 χ
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Table 3 Weights (beta-values) given to the diff erent domain levels of the Dementi a Quality of Life 
Instrument (DQI)
Domain levels1
Dementi a 
Professionals2,3(n = 207)
General populati on2,4
(n = 631)
β SE p β SE p
Some problems with physical health (2) -0.011 0.012 0.419 -0.048 0.009 0.000
Severe problems with physical health (3) -0.150 0.013 0.000 -0.223 0.010 0.000
Some problems with self-care (2) -0.045 0.012 0.001 -0.059 0.009 0.000
Severe problems with self-care (3) -0.121 0.013 0.000 -0.195 0.010 0.000
Some problems with social functi oning (2) -0.029 0.012 0.028 -0.046 0.009 0.000
Severe problems with social functi oning (3) -0.154 0.013 0.000 -0.162 0.010 0.000
Some mood problems (2) -0.071 0.012 0.000 -0.035 0.009 0.000
Severe mood problems (3) -0.343 0.015 0.000 -0.165 0.010 0.000
Some memory problems (2) -0.060 0.012 0.000 -0.065 0.009 0.000
Severe memory problems (3) -0.234 0.015 0.000 -0.225 0.011 0.000
Some orientati on problems (2) -0.021 0.014 0.178 -0.022 0.011 0.035
Severe orientati on problems (3) -0.101 0.015 0.000 -0.133 0.011 0.000
1. Note that level 1 problems indicate ‘no problems’ and therefore do not lead to a diminished HRQoL
2. This model is rescaled to the dead-full health scale.
3. Pseudo R2=0.41
4. Pseudo R2=0.19
Figure 2 DQI health-state value calculati on example for the DQI state ‘121312’ using the (rounded up) values 
from dementi a professionals (note that level 1 problems indicate ‘no problems’ and therefore do not lead 
to a diminished HRQoL)
     83
6
Discussion
The current study reports on the domain selection and valuation outcomes of the 
Dementia Quality-of-life Instrument (DQI). Clear differences were observed between 
the two samples. Dementia professionals attached higher values to ‘mood problems’, 
‘social functioning’, and ‘memory problems’ than members of the general population. 
Apart from these differences, the responses of the professionals showed better 
performance. Based on these two findings and in light of studies [138-140] showing 
that the general population is inadequately informed about dementia, the final DQI was 
developed using values derived from the dementia professionals. 
The differences between the two samples may be explained by the fact that lay people 
are less able to imagine what dementia is like than professionals, as they regularly come 
into contact with people who actually live with this condition. By implication, almost 
all of the currently used HRQoL index instruments might be producing sub-optimal 
or even invalid health-state values. Many studies have investigated the potential 
differences in valuing health states between the general population and people who 
actually experience illness (see [150] for an overview). Some authors have attributed 
these differences to the measurement method used [151]. However, differences in 
methodology (e.g., selection of health domains, valuation methods) do not explain the 
differences in values between dementia professionals and lay people in the current 
study. Guidelines on cost-effectiveness research in health recommend using values 
representative of the general population [13]. However, given the paucity of general 
knowledge about dementia [138-140], the better performance on dominance checks 
by the professionals, and the results for model performance reported here, we argue 
that values derived from dementia professionals might be more valid in the current 
context. Furthermore, we suggest using these domain-level weights to calculate DQI 
health-state values. 
The current instrument was developed in the Netherlands; one might wonder 
whether the values of the DQI are equally valid elsewhere. Research on generic index 
instruments reveals slight systematic differences in health-state values between most 
countries [152,153]. Such differences can arise because of variations in the valuation 
methodology, translational issues, and (cultural) specificities in each population’s 
preferences for health states and health domains. We believe that the DQI in its present 
state can be used in other countries if researchers are aware that the values for the DQI 
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states may be somewhat less precise. A better approach would be to properly translate 
the DQI for each country and then conduct a separate valuation study to derive country-
specific values.
The valuation study of the DQI was performed by means of an online survey. This 
made it easy to contact potential respondents, and the online interview costs were 
substantially lower than holding personal interviews. A disadvantage is the difficulty of 
assessing the credibility of respondents’ answers. To compensate for this, respondents 
were presented with dominant paired comparisons, which gave the researchers some 
indication of the validity of the responses. The dementia professionals answered 
99% of the dominant choice tasks correctly. For the general population this was only 
90%, meaning that some of the paired comparison tasks were filled in erroneously or 
at random. One great advantage of the valuation methodology applied here is that 
choosing one of the two DQI health states at random will generate noise in the data 
(and thus increase the standard errors of the domain-level weights) but will not affect 
the size and direction of the domain-level weights. In view of that advantage, it was 
decided not to eliminate responses of respondents who failed this ‘dominance test’. 
Moreover, a recent study also based on the paired comparison task [154] found no 
differences in the valuation of health states between face-to-face interviews and online 
administration, suggesting that both modes are equally valid.
The current study has some limitations as well. Caregivers are often with dementia 
patients 24/7, and potentially are better judges of a health state than a professional 
who might see the patient for a brief window of time at intervals. Using caregivers in 
addition to respondents from the general population and dementia professionals would 
yield additional interesting findings in the assignment of health state values to the DQI.
A second limitation is that with the addition of the physical health domain, and the 
alterations to the descriptions of the other domains and levels, the previous study 
supporting the validity of  the DQI  may not be completely relevant anymore. Ideally, 
a new studies should be undertaken to again demonstrate the validity and reliability 
of the DQI. The developers of the DQI plan to address both of the abovementioned 
limitations in future studies.
Another new set of dementia-specific HRQoL index instruments has recently been 
developed [31], called DEMQOL-U and DEMQOL-Proxy-U. While initially considered 
a step forward in the valuation of dementia-specific HRQoL, these instruments have 
     85
6
since been criticized, citing a supposed absence of important HRQoL domains and 
the application of sub-optimal methodologies [155,156]. Specifically, the absence of 
a domain that focuses on the physical part of HRQoL was considered to be a major 
limitation. An important direction for future research would be to compare the DQI, 
DEMQOL-U, and DEMQOL-Proxy-U with generic preference-based instruments such 
as the EQ-5D, HUI-3, SF-6D, or AQoL with respect to their application for economic 
evaluations, clinical monitoring, and disease modeling studies on community-dwelling 
people with dementia.
In conclusion, the development of the DQI is an important step forward in expressing the 
level of HRQoL among the rapidly increasing population of community-dwelling people 
with dementia in a single meaningful number. The DQI overcomes the shortcomings 
in content and scope of generic HRQoL index instruments and provides a feasible, 
relevant, patient-reported outcome measure. It is now ready for use in psychosocial 
and pharmacological intervention studies, modeling studies and for monitoring patient 
populations.
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Appendix A
Definitions of problems on the domains of the DQI
Physical health:
A person with physical health problems has general ailments such as joint complaints, 
diabetes, vision and hearing impairments, but also incontinence (loss of bladder or 
bowel control) or mobility difficulties.
Self-care:
Someone who has self-care problems is less or unable to perform ordinary activities of 
daily living without assistance. These include things like taking a bath/shower, getting 
dressed, combing one’s hair, shaving, and going to the toilet. One may also have a 
limited ability to independently perform more complex activities of daily living (such as 
cooking a meal, keeping house and buying groceries, taking care of one’s transportation 
needs, and doing one’s own financial administration).
Social functioning:
A person who has problems with social functioning is less or unable to visit friends or 
close relatives and engage in other social activities. One might also have less desire for 
communication and/or social interaction.
Mood:
A person with affect problems (depression) is gloomy, sad, and feels worthless. One’s 
interest in ordinary activities declines. Other characteristics include: mood swings 
during the day (one feels better or worse as the day progresses); withdrawal; shifts in 
appetite; inertia; irritability; insomnia, fatigue, and sometimes even suicidal ideation.
Memory:
A person with memory problems has difficulty remembering things that occurred 
recently. Some examples are: the latest news, who has come to visit, what one has 
eaten, or where one has put something. It is harder to take in new information and new 
instructions, for instance. More distant memories are retained longer; a person can no 
longer recall what one has just done but can tell a great deal about events in his or her 
youth. In severe cases the memory of the more distant past also deteriorates.
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Orientation:
With orientation problems, the awareness/recognition of time, place, and/or persons 
disappears. A person no longer knows what time it is or which day/date. The normal 
rhythm of day/night can change or disappear. Sometimes a person no longer recognizes 
the place where he or she is or where one lives, and this can lead to wandering or 
getting lost. Sometimes one no longer recognizes familiar people either. In severe cases, 
such individuals do not even recognize their own partner or family members any more.
Appendix B
Calibration
Additional task
The goal of the DQI is to provide values for dementia health states. To make the values 
of the DQI applicable for the computation of QALYs, an additional measurement 
requirement is necessary. Specifically, values of the DQI health states should be calibrated 
on the ‘dead -- full health scale’. By having a scale in which dead and full health have 
fixed values (0 and 1 respectively), inter-intervention comparisons can be made. For 
example, the effects of a left ventricular assistive device for people with heart failure 
can be compared with the effects of memantine for people with dementia. Having one 
unifying scale on which all effects are expressed facilitates resource allocation decisions. 
Therefore, a separate valuation exercise was conducted among members of the 
dementia professionals sample who agreed to participate in a follow-up study. 
Participants received a paper booklet containing a multi-item visual analogue scale 
(VAS) [157] valuation task in which the DQI states ‘111111’ and ‘333333’ were included 
in addition to a set of 17 EQ-5D states and the state ‘dead’. The 17 EQ-5D states had 
already been quantified in an earlier Dutch valuation study [152], which ensured that 
respondents considered the entire health-state spectrum when valuing the two DQI 
states. Respondents were instructed to first rank the 20 health states. Subsequently, 
they were instructed to place the 20 health states on the VAS.
Analyses
Thurstone’s law of comparative judgment (case V) [25,101,146] was used to analyze 
the ranking data of the multi-item VAS task. Only those who responded on all 20 health 
states and who ranked DQI state ‘111111’ higher than DQI state ‘333333’ were included 
in the analysis. All health states were rescaled. The position of the top state would be 
rescaled to the value from Lamers et al. [152] if it was an EQ-5D state or to 1 if the DQI 
state ‘111111’ was ranked highest. The state ‘dead’ was rescaled to a value of 0. Since 
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DQI state ‘111111’ means no problems on each domain, dominance was expected (but 
not necessary). Only in case of 100% dominance would the value of DQI state ‘111111’ 
be set to 1 and the top EQ-5D state be rescaled to the Lamers et al. value. Rescaling was 
performed by means of the following formula:
Valuerescaled = 1- (((Zscore health state - Zscore Dead) / Zscore Top state) , rescaled to the corresponding 
Lamers et al. value if an EQ-5D state was ranked highest). 
The domain-level weights derived from the discrete choice model were subsequently 
transformed so that the values for the DQI ‘111111’ and the DQI ‘333333’ health states 
would correspond to the rescaled Z values of these health states. 
Results 
The calibration was based on a subset of the dementia professionals sample. In total, 
77 respondents sent back the paper booklet. This is a response rate of 62%. After data 
cleaning, 65 respondents were included in the analysis. The DQI state ‘111111’ was 
dominant in 100% of the responses and therefore set to a value of 1. The second-highest 
ranked health state was EQ-5D state ‘21111’ and was therefore rescaled to a value of 
0.893 (Figure 2). The DQI state ‘333333’ had a rescaled value of -0.103. The EQ-5D state 
‘33333’ was ranked lowest and had a rescaled value of -0.225 (Figure B1). 
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Figure B1 Rescaled Thurstone values and Dutch time trade-off (TTO) based values for the 17 EQ-5D states 
which were in the calibration task
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Abstract
Interest is rising in measuring subjective health outcomes, such as treatment outcomes 
that are not directly quantifiable (functional disability, symptoms, complaints, side 
effects and health-related quality of life). Health economists in particular have applied 
probabilistic choice models in the area of health evaluation. They increasingly use 
discrete choice models based on random utility theory to derive values for healthcare 
goods or services. Recent attempts have been made to use discrete choice models as an 
alternative method to derive values for health states. In this article, various probabilistic 
choice models are described according to their underlying theory. A historical overview 
traces their development and applications in diverse fields. The discussion highlights 
some theoretical and technical aspects of the choice models and their similarity and 
dissimilarity. The objective of the article is to elucidate the position of each model and 
their applications for health-state valuation. 
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Introduction
Health outcome measures can be divided into objective and subjective measures. For 
many years, the outcomes were articulated primarily in terms of death, disability or 
cure. Nowadays, the assessment of medical interventions and healthcare services 
also takes health-related quality of life, treatment process characteristics, side effects 
and patient satisfaction into account by means of patient-reported outcomes, clinical-
reported outcomes and observer-reported outcomes. Subjective measures such as 
patient-reported outcomes are therefore becoming core outcome measures for clinical 
trials, interventions in cure organization and other types of health studies. Many of 
these studies are carried out to demonstrate the efficiency or effectiveness of new 
interventions or protocols. 
Objective measurement is the estimation or determination of extent, dimension or 
capacity in relation to some standard or unit of measurement. To solve the problem 
of measuring in the absence of such a standard or unit, methodologies have been 
developed to measure phenomena that are unobservable, hence subjective. Such 
methodologies, sometimes known as scaling models, can establish the relative merit 
(value) of a subjective phenomenon. The values (variously called utilities, strengths 
of preferences, indices or weights) that scaling methods that will be discussed in this 
article generate are assumed to have a specific measurement property, namely that the 
differences between values possess cardinal qualities. This means that the differences 
between values reflect true differences and lie on a continuous scale (e.g., if a patient’s 
score changes from 20 to 40, this increase is the same as from 70 to 90). 
Over the past decade, the use of discrete choice (DC) models has proliferated in the 
area of health evaluation, especially in health economics. The vast majority of published 
studies using this methodology in health evaluation tend to focus on the possibility that 
individuals derive benefit from nonhealth outcomes and process attributes (e.g., therapy 
convenience or waiting time) in addition to health outcomes (safety or effectiveness). 
Applying DC models in health has been described as deriving values beyond health or 
clinical outcomes [158]. In addition, DC models have been introduced as an alternative 
method to standard gamble (SG), time trade-off (TTO) and visual analogue scales 
(VAS) to derive health-state values[159-164]. Access to valid and accurate values for 
a wide range of health conditions is also advantageous as these can be used in health 
outcomes research, disease modeling studies and economic evaluations (cost–utility 
analysis), and to monitor the health-related quality of life of individuals in the general 
community (as well as in clinical studies). 
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DC models belong to the class denoted in the statistical literature as probabilistic choice 
(PC) models. All PC models have in common that they are able to establish the relative 
merit of a phenomenon. In technical terms, these models take data obtained at one 
measurement level and transform it to an aggregated higher level. The PC models that 
will be discussed in this article, which are used in health-state valuation, are supposed 
to generate an interval scale (cardinal data) from ordinal data. If the phenomenon 
is described according to characteristics (or attributes) with certain levels, extended 
PC models make it possible to estimate the relative importance assigned to these 
attributes and their associated levels, and even to estimate overall value for different 
combinations of attribute levels. Models falling into the latter subset of PC models are 
applied in conjoint analysis, a term that is often used interchangeably (and sometimes 
incorrectly) with DC modeling. Extended PC models have been used widely to elicit 
values in a number of other research areas, notably in marketing, transportation and 
environmental economics [165].
PC models are powerful but can be complex. The art of finding the appropriate model for 
a particular application requires researchers to be familiar with the subject of interest 
so that the relevant attributes and levels can be applied in the choice task. Additionally, 
researchers need to understand a model’s methodological and theoretical background in 
order to be able to arrive at valid conclusions. Furthermore, several different PC models 
exist. While they are all related, their theoretical assumptions, purposes and practical 
applicability differ. Another complicating factor is that the subset of DC models within 
PC models has been described in the literature variously as discrete choice experiments 
[147], conditional logit (and later on also probit) analysis [27], discrete choice analysis 
[26], conjoint analysis [166], discrete choice conjoint analysis [167], stated preference 
discrete choice modeling [168] and random utility choice models [169].
The aim of this paper is to present a historical, theoretical and methodological overview 
of different PC models used to quantify subjective health outcomes. Particular attention 
is devoted to the introduction, development and peculiarities of PC models and of the 
subset of DC models. The similarities and differences between the underlying models 
are explained. Then the discussion turns to some issues related to the widespread use 
of DC models to evaluate individuals’ preferences in health-state valuation.
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Historical development of modeling preferences
Thurstone’s law of comparative judgment
The long tradition of PC models started in 1927 with Louis Thurstone, who began his 
career as an electrical engineer and worked for many years as a psychometrician at the 
University of Chicago (IL, USA). He formulated a mathematical model, which he called the 
Law of Comparative Judgment (LCJ), that could be used to estimate scale values (a latent 
trait) based on binary choices between stimuli [25]. A ‘discriminal process’ mediates 
each psychological stimulus magnitude. Thurstone proposed that perceived physical 
phenomena (e.g., brightness and weight) or subjective concepts (e.g., seriousness of 
crimes and taste) could be expressed as a true weight and a random component. In 
psychology, subjective phenomena are regarded as attitudes: psychological tendencies 
that are expressed by evaluating a particular entity with some degree of favor and/or 
disfavor. Attitudes can be regarded as mental constructs of phenomena that people 
want to acquire or reject, like or dislike, or wish to protect or harm. 
Thurstone built upon work by his predecessors, in particular Gustav Fechner (1801–
1887), a German experimental psychologist. Fechner was a pioneer in experimental 
psychology and is credited to be the founder of psychophysics. He inspired many 
20th century scientists and philosophers, including Thurstone. Early psychophysical 
work built upon precise but simple experiments. A typical example is: consider the 
following two objects with weights, w1 and w2; which one is heavier? Such experiments 
would demonstrate that the greater the difference in object weight, the greater the 
probability of choosing correctly (however, note [170]). This measurement approach is 
based on making comparative judgments. In everyday life, people rarely make absolute 
judgments (i.e., attach a numeric value). Most choices are based on judgments and are 
inherently comparative. In psychology, discrimination is therefore regarded as a basic 
operation of judgment and of generating knowledge.
Thurstone postulated that each stimulus (i.e., object, item, state and scenario) in a set 
of stimuli would possess some attributes in varying but unknown degrees. For each 
stimulus and among all subjects, it is assumed that a preference will exist. Furthermore 
he postulated that for each stimulus the overall preference will be distributed normally 
around the most frequent (modal) response. To measure such overall preferences, each 
person’s preference for each stimulus versus every other stimulus has to be obtained. The 
more people who select one stimulus of a pair over the other stimulus, the greater the 
preference for that stimulus, and thus the greater its scale weight. Therefore, the basic 
96       
element of subjective measurement in the framework of comparative measurement (as 
opposed to monadic measurement, in which stimuli are valued separately) is a simple 
and straightforward response task based on a comparison between two stimuli, done in 
such a way that it yields data that contain compelling information. 
Thurstone’s approach is indirect; it is based on an underlying theory allowing raw 
individual data to be transformed into aggregate data. Therefore, psychometricians 
regard it as scaling. In terms of modern psychometric theory, however, it is more aptly 
regarded as a measurement model [Appendix: A]. Because Thurstone’s model derives 
group scale values from imprecise individual data, it is also regarded as a probabilistic 
choice model. Thurstone’s LCJ can only be used to model paired comparisons. The 
model that will be discussed in the next section allows for modeling comparisons with 
more than two alternatives.
Bradley–Terry–Luce model
Another approach to comparative data is the Bradley–Terry–Luce (BTL) model, as 
statistically formulated by Bradley and Terry in 1955 [171] and extended by Luce in 
1959 [172]. It extends the Thurstone model by enabling a person to choose from more 
than two alternatives. The BTL model postulates that measurement on a ratio level can 
be established if the data satisfy certain structural assumptions [173]. For mathematical 
reasons, the BTL model is based on the simple logistic function instead of the normal 
distribution of the Thurstone model [Appendix: B]. If only pairs of alternatives are 
judged, the BTL model is identical to Thurstone’s (except for the error terms). However, 
when more than two alternatives are judged, an important assumption must be made, 
namely the independence of irrelevant alternatives (IIA). The mathematical implication 
is that the rate of substitution between two or more alternatives remains unchanged by 
adding an alternative. As discussed later, the IIA assumption is a key property of almost 
all basic logit DC models [174].
Conjoint measurement
Another advance in mathematical psychology was fundamental measurement 
representation, developed by Luce and Tukey in 1964 [172,175]. Fundamental 
measurement theory is a mathematical framework based on logical (not normative) 
axioms. It concerns exclusively the qualitative conditions under which a particular 
representation (measurement and scaling) holds. One of the earliest representational 
measurement theories is conjoint measurement [175]. 
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Scientists realized that the social sciences could not live up to the standards of objective 
measurement that was being applied in the physical sciences. Conjoint measurement 
was developed to be able to perform fundamental measurement with subjective 
entities or concepts. It is used to measure the joint effects of two or more independent 
variables on the ordering of a dependent variable (the property to be quantified). 
As Perline, Wright and Wainer [176] put it: “The question is whether or not there 
exists a monotonic transformation of an ordinal measure of the dependent variable 
from which an additive representation can be constructed.” The axiomatization of 
conjoint measurement is complicated. Its full version includes technical axioms (e.g., 
consistency, transitivity and double cancellation), which can often plausibly be assumed 
to hold approximately [177,178]. When the axioms hold, the result is that the observed 
but transformed dependent variable and the concomitantly constructed independent 
variables are simultaneously (hence the term ‘conjoint’) represented on an interval 
scale with a common unit [176]. Conjoint measurement, as a member of the class of 
fundamental measurement theories, is algebraic (designating an expression in which 
only numbers, letters and arithmetic operations are contained or used) and therefore 
deterministic (as opposed to most models described in this article that are probabilistic).
Rasch model
Although conjoint measurement is generally acknowledged as an important theoretical 
contribution, its practicality is in doubt because of its strict axiomatic assumptions. The 
Rasch [26] model – independently developed from conjoint measurement – can be 
seen as a practical rendition of conjoint measurement with an underlying stochastic 
structure [176]. Georg Rasch (1901–1980) was a Danish mathematician, statistician 
and psychometrician. He applied his model for dichotomous data to data derived from 
responses to attainment and intelligence tests [179]. These tests do not confront the 
respondents with a comparative task. The Rasch model is the only one in this overview 
that uses responses (e.g., agree/disagree, correct/incorrect or able/unable) collected 
separately from a set of questions (monadic measurement). For this reason, the Rasch 
model is not a choice model in a strict sense. However, when comparisons are made 
between one’s own health status versus a hypothetical state, it can be considered a choice 
model The Rasch model is particularly useful in psychometrics, the field concerned with 
the theory and technique of psychological and educational measurement.
Later extensions of the Rasch model are known as item response theory (IRT) 
models. These are increasingly used in other areas, including the health profession 
[127,128,130,180,181]. IRT models are mathematical functions that specify the 
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probability of a discrete outcome, such as a correct response to an item, in terms of 
both item and person parameters [Appendix: C]. Item parameters include the difficulty 
of an item (for health states: severity) and the discrimination of an item (for health 
states: the agreement among respondents on the severity). Person parameters may 
represent the ability of a student or the strength of a person’s attitude, for example (for 
health states, the person parameter represents a person’s own health state). The items 
may be questions that have incorrect and correct responses, or they may be statements 
on questionnaires that allow the respondents to indicate their level of agreement. So 
far, IRT models have been used for the quantification of single domains and for the 
selection of relevant domains of classification systems; however, they have not been 
used to model the quality of health states. However, such an application seems feasible 
based on responses from patients instead of the general population [182].
It turns out that the Rasch model is very closely related to the BTL model with regard 
to measurement, while the structure of the items is closely related to Guttman scaling 
[183]. The key difference between the Rasch model and all other logit models is that the 
former has been extended with a separate parameter to estimate each respondent’s 
position on the scale [184]. By an interactive conditional maximum likelihood 
estimation approach, a scale estimation is obtained without involvement of the person 
parameter, which is specific to the Rasch model. Therefore, Rasch models have a specific 
measurement property, namely invariance, which is a critical criterion of fundamental 
measurement. For health-state valuation, the property of invariance means that the 
outcome of choices between two (or more) health states should not be dependent 
Figure 1 Schematic representation of the raw data and after sorting of the columns (health states) and 
the rows (patients) in order to arrive at the hierarchical Guttman/Rasch data structures (the check mark 
indicates that this health state is preferred over the next health state, the cross mark indicates a misfit).
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on which group of respondents performed the assessments. Additionally, the resulting 
choices among health states should also be independent of the set of health states that 
were assessed. Obviously, this demands a strong specification of the structure (Guttman 
structure, Figure 1) of the response data [185], a requirement that is not often satisfied. 
However, when all assumptions of the Rasch model hold, the model is used to construct 
the variable of interest. This represents a different philosophical perspective. In the 
Rasch model, the data are fitted to the model instead of vice versa. Therefore, it can 
be stated that the Rasch model allows for truly objective (fundamental) measurement. 
This is similar to Guttman scaling, Coombs Unfolding [131] and measurement in the 
physical sciences. Extensions of the Rasch model (i.e., IRT models) relax to some extent 
the strong requirements posed on the response data, but these models do not possess 
fundamental measurement properties. To estimate both the person and item location 
parameters, the Rasch model is formulated as a conditional logit model [179].
The standard Rasch model, the BTL model, and Thurstone’s LCJ model can only be used 
to derive scale values for the judged alternatives. The methods that will be successively 
discussed below are extended models that also facilitate estimating the contribution of 
the characteristics of health outcomes, if identifiable and structured.   
Conjoint analysis
A professor in marketing, Green [186], recognized that Luce and Tukey’s conjoint 
measurement article [175] provided a new system to quantify rank order data. This type 
of data could be applied to marketing research (e.g., to forecast market response for 
new products). His more pragmatic approach (no formal checks and based on regression 
models) is what is now called conjoint analysis. Today this technique is used in many of 
the social and applied sciences. The objective of conjoint analysis is to determine the 
separate contribution of a limited number of attributes of an object on its overall value.
With conjoint analysis, respondents are generally shown a set of products, goods, 
services, scenarios or pictures. Each example is similar enough to the others that 
respondents will see them as close substitutes but dissimilar enough that they can 
clearly determine a preference. Each example is composed of a unique combination 
of features. The response task may consist of individual ratings, rank orders or choices 
among alternative combinations.
In addition to different possible response modes, there are further differences within 
the conjoint analysis approach. There are different models (i.e., full profile, partial/
incomplete profile, hierarchical, Bayesian, and so on) and different designs (i.e., full 
factorial, fractional factorial, resolution III, and so on). In that regard, conjoint analysis 
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can be taken as an umbrella term describing various methods to derive quantitative 
measures for subjective phenomena based on a combination of stimulus configuration, 
experimental design, response modes and statistical analyses. The reader is referred 
to Louviere et al. [187] for an excellent discussion of the differences between conjoint 
analysis described above, and discrete choice models, which will be discussed in the 
next section.
Discrete choice models
In Thurstone’s LCJ, the perceived level of a stimulus equals a systematic component 
plus a random error. In the LCJ choices are modeled as the probability that one object is 
rated higher than a second because this alternative has the higher perceived stimulus. 
When the perceived stimuli are defined in terms of utility, this law can be turned into 
a model for economic choice in which utility is modeled as a random variable. This 
implication was drawn by the economist Marschak in 1960, who thereby introduced 
Thurstone’s work into economics. Marschak called this the random utility maximization 
hypothesis or random utility model (RUM) [188]. The RUM assumes, in line with 
neoclassical economic theory, that the decision-makers are rational in the sense that 
they make choices which maximize their perceived utility (subject to economic and 
cognitive constraints). However, to accommodate for the demonstrated inability of 
individuals to discriminate perfectly and of the analyst to exactly measure the subject 
of interest random utility function is assumed [25,189].
Modern DC models came from econometrics and built upon the work of McFadden, 
who was awarded the Nobel Prize in economics in 2000 [190]. DC models encompass 
a variety of experimental design techniques, data collection protocols and statistical 
procedures that can be used to predict the choices that subjects will make between 
alternatives. These techniques can be applied when subjects have the ability to choose 
between two or more distinct (‘discrete’) alternatives. In the mid-1960s, McFadden was 
working with a graduate student who had obtained data on freeway routing decisions 
from the California Department of Transportation. His graduate student was looking 
for a way to analyze her data to study economic decision-making behavior. McFadden 
developed the first version of what he called ‘conditional logit analysis’ [27] (often 
referred to as the multinomial logistic model, this term is used in other contexts to refer 
to a partially different model [Appendix: D]). He proposed an econometric model in 
which the values of alternatives depended on values assigned to their attributes, such 
as construction cost, route length, and areas of parkland and open space taken up [27]. 
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He developed a computer program that allowed him to estimate this model, based on 
an axiomatic theory of choice behavior developed by the mathematical psychologist 
Luce [172].
As the foundation for his probabilistic choice model, Luce’s choice axiom states that 
the probability of choosing one stimulus over another from a set of many stimuli is 
not affected by the presence or absence of other stimuli in the set (IIA assumption 
[Appendix: E]), and that these stimuli have independent and identically distributed 
measurement errors [172]. The IIA axiom simplifies experimental collection of choice 
data by allowing multinomial choice probabilities to be inferred from binomial choice 
experiments [24].
Drawing upon the work of Thurstone, Marschak and Lancaster [191], McFadden was 
able to show how his model was linked to the economic theory of choice behavior. 
McFadden then investigated further the RUM foundations of the conditional 
multinomial logistic model. He showed that the Luce model was consistent with the 
RUM model with independent and identically distributed random variables (IID) if and 
only if the error term had a distribution called extreme value type I (also called Gumbel 
distribution).Before the contribution of Louviere et al. [187,192], DC models had been 
used to analyze behavior that could be observed in real market contexts. Louviere 
and other researchers applied DC models to choices collected from respondents who 
were presented profiles of features of hypothetical products; this is what they called 
‘simulated choice situations’. So, instead of modeling the actual choices made by 
people, as McFadden did with the revealed preferences approach, Louviere modeled 
the choices made by subjects in carefully constructed experimental studies (discrete 
choice experiments), using the stated preferences approach. This new approach made 
it possible to predict values for alternatives that could not be judged in the real world 
(see Figure 2 for an overview).
Figure 2 Development of the class of probabilistic choice models over time and by area of research.
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Examples of probabilistic choice models applied in health-state valuation
In the following section, some examples will be provided of PC model analyses that 
have been performed in the field of health-state valuation. This section does not claim 
to be exhaustive and the studies that will be highlighted are for illustrative purposes 
only. The reader is encouraged to consult the original articles for more details.
As early as 1970 the field of health-state valuation recognized that Thurstone’s 
model might be useful for valuing health states [97], which was later on applied by 
Hadorn et al. [193] and Krabbe [101]. Stolk et al. [194] compared several health-state 
methodologies to each other, one of which was a DC experiment (DCE) modeled with a 
conditional multinomial logit analysis to estimate the main effects (no second order or 
higher interactions). The classification system that was valued was the EuroQol-5D (EQ-
5D) [103]. The other valuation techniques that they investigated were TTO, VAS, rank-
ordered logit and Thurstone’s LCJ. Other well-known studies that used the conditional 
multinomial logit model to estimate EQ-5D values are Salomon [24], and Hakim and 
Pathak [159]. McCabe et al. [160] used the conditional multinomial logit to model HUI-2 
and SF-6D values. Coast et al. [195] applied the conditional multinomial logit to model 
best–worst scaling preferences for the ICECAP-O instrument.
Ratcliffe et al. [162] valued a disease-specific classification system (SQOL-3D), 
comparing TTO with a DC experiment. They analyzed the DCE data with a random 
effects probit model, in which they took into account the fact that multiple responses 
were obtained from the same individual. Additionally, they also investigated a rank-
ordered logit model. They found that the probit model resulted in higher values than 
the rank-ordered logit model, and both these methods produced values dissimilar to 
TTO models. Another example of the conditional multinomial probit is Brazier et al. who 
used it to model values for the Asthma Quality of Life Classification and the Overactive 
Bladder-Specific Measure [196]. A third example using probit models is Craig et al., who 
used a homoskedastic probit model based on rank responses (exploded probit) [197]. 
Table 1 presents an overview of techniques and probabilistic choice models that can be 
used for the measurement of health-state values.
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Table 1 Overview of techniques and probabilistic choice models for the measurements of health-
state values*
A: Probabilistic Models
B: Implying a choice-based task
C: For modeling preferences (utility)
D: Application in health-state valuation**
*  The authors do not claim this table to be complete, 
     instead only the most applied models are presented
** To the authors’ knowledge
Names/Origins A B C D Type of stimuli
Assumptions for 
statistical modeling
Statistical 
models
Rating – conjoint 
analysis (by 
Green)
No No Yes No Rating each of > 2 options 
described with different 
characteristic levels
Normal distribution 
of disturbances
Regression
(Multi-Item) 
Visual Analogue 
Scale
No No Yes Yes Positioning of 1 or more health 
states on a scale
Normal distribution 
of disturbances
Regression
Standard Gamble No Yes Yes Yes 2 alternative health states 
with different probabilities of 
occurrence
Normal distribution 
of disturbances
Regression
Time Trade-Off No Yes Yes Yes 2 alternative health states with 
different durations
Normal distribution 
of disturbances
Regression
Thurstone LCJ Yes Yes No Yes 2 alternative stimuli Normal distribution 
of disturbances
Probit
Bradley-Terry-
Luce
Yes Yes No No 2 alternative stimuli
or
Extreme value type I 
disturbances
Binary logit
> 2 discrete alternative stimuli Extreme value type I 
disturbances; IIA
Multinomial 
logit
Rasch Yes Yes No Yes Separate judgments for a set 
of stimuli
Extreme value type I 
disturbances
Conditional 
logit
Ranking – 
conjoint analysis 
(by Green)
Yes No Yes Yes Ranking > 2 alternative options 
described with different 
characteristic levels
Extreme value type I 
disturbances
IIA
Ordered logit
Discrete Choice 
Analysis (by 
McFadden)
Yes Yes Yes Yes Choosing one from 2 or more 
discrete options described with 
different characteristic levels
Extreme value type I
IID disturbances
IIA assumption
Conditional 
multinomial 
logit
Discrete Choice 
generalizations: 
Rank-ordered 
logit
Yes Yes Yes Yes A series of selection from 
smaller and smaller groups 
of health states (usually most 
preferred to least preferred)
Extreme value type I
IID disturbances
IIA assumption
Rank-
ordered logit
Multinomial 
probit
Yes Yes Yes Yes Choosing one from 2 or more 
discrete options described with 
different characteristic levels
Normal
IID disturbances
Conditional 
multinomial 
probit
Nested logit/
probit
Yes Yes Yes No Choosing one from 3 or more 
discrete options described with 
different characteristic levels
Extreme value type 
I/normal
IID disturbances
Nested IIA 
assumption
Nested logit 
/probit
Ordinal logit Yes Yes Yes No Choosing an ordinal strength 
of preference from 2 options 
described with different 
characteristic levels
Extreme value type I
IID disturbances
IIA assumption
Conditional 
multinomial 
logit
Logit-mixture Yes Yes Yes No Choosing one from 2 or more 
discrete options described with 
different characteristic levels
Extreme value type 
I/variable
IID disturbances
Logit-mixture
Hierarchical-
Bayes
Yes Yes Yes No Choosing one from 2 or more 
discrete options described with 
different characteristic levels
Conditional 
independence (in 
addition to the 
‘base’-model being 
used, for example 
logit-mixture)
Hierarchical-
Bayes
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Discussion
General considerations
Discrimination is a basic operation of judgment and of generating knowledge. Most 
judgments in daily life consist of making choices between some competitive alternatives 
and are thus inherently comparative. Therefore, the core activity of measurement with PC 
models is to compare two or more stimuli so that the data provide relevant information 
on individuals’ choice behavior. PC models present relatively simple and straightforward 
response tasks. These are easy to perform from simulated (i.e., hypothetical but realistic) 
scenarios, yet they provide information to arrive at quantitative measures.
All probabilistic choice models that allow the estimation of values for alternatives are 
basically versions of the Thurstonian LCJ model. Analytical complexity is, unfortunately, 
typical of most probabilistic choice models, in particular the logit models. A few software 
packages (e.g., Stata) have addressed the issue by building in analytical procedures that, 
to varying degrees, simplify discrete choice analysis.
Some salient differences between the initial (Thurstone) and the subsequent DC models 
warrant elaboration. First, DC models were extended to analyze choices between more 
than two scenarios in a choice set. This refinement is straightforward and allows for 
more realistic scenarios. For instance, these models facilitate analyses of choices from 
sets including an opt-out option, such as not being treated at all rather than being 
treated with two different drug regimens, or preferring to be dead rather than to live 
in the two presented health states. Second, whereas the classic Thurstone model is 
only applicable to derive values for empirically judged scenarios, the DC models are 
extended to parameterize by regression models the contribution of the levels of 
attributes based on the assessment of a subset of the complete set of scenarios [165]. 
This makes it possible to capture the relationships between rankings and levels of 
the attributes in a value-based health status classification system. Some research has 
already been conducted in this area [159,162,195,197]. However, the process of going 
from choice data between states to values for these states is (almost) identical [101]. 
The classic Thurstonian models are particularly suitable when the differences between 
objects are small, as the underlying response task (paired comparisons) is very well 
suited to detecting differences where direct or monadic measurement methods (e.g., 
visual analogue scale, TTO) will fail. It has been shown that the LCJ and extensions of it 
can even be embedded in the contemporary and very general framework of structural 
equation modeling [198]. Moreover, modern computational estimation techniques 
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have overcome many of the earlier restrictions, so Thurstone’s model can be estimated 
in its full generality [199]. Third, choice sets with more than two health states are in 
principle more informative (fewer choices are needed to yield the same amount of 
information). However, additional assumptions are required to apply such wider choice 
sets ([relaxed] IIA assumption [Appendix: E]). Some of these assumptions may be 
violated in assessing health states. Furthermore, recent studies from the EuroQol group 
provide evidence that using paired comparisons with the five-level classification system 
imposes significant cognitive burden on respondents, which might indicate that a choice 
task with three or more health states would become too difficult [200]. Therefore, in the 
context of health-state valuations, it seems more convenient to restrict the applications 
to the standard paired comparison approach or ranking.
The Rasch model occupies a special position in the field of subjective measurement. 
Its underlying mathematical theory is a special form of the one-parameter IRT model. 
The Rasch model has a specific measurement property – quantifying independently the 
weight of the items (e.g., health domains) and the position of the respondents (e.g., a 
patient’s own health state) – that provides a criterion for fundamental measurement. 
This formal property distinguishes the Rasch model from other IRT models used to 
quantify peoples’ responses to items or questions [201]. In contrast to IRT and other PC 
models, the Rasch model is the only model that allows for fundamental measurement, 
thus transforming subjective measurements into objective measurements. As such, the 
authors encourage the implementation of the Rasch model in the field of health-state 
valuation and other areas of health evaluation research.
Another topic that has gained attention in recent years is variance-scale heterogeneity 
[202,203]. Random utility theory states that utilities can be decomposed into a 
systematic (predictable) component and a random (unpredictable) component. The most 
commonly applied DC models are limited dependent variable models, which confound 
estimates of the mean (the systematic component) and variance (scale factor) of the 
random component [26]. One intuitive explanation of variance-scale heterogeneity is 
the confidence with which respondents answer in a DCE, although other explanations 
are also possible. Flynn et al. demonstrated that using latent-class analyses to identify 
variance-scale heterogeneity is a feasible method, and that using such results can lead 
to different (interpretation of) algorithms for certain subgroups. In the field of health-
state valuation, the matter of variance-scale heterogeneity seems less relevant, as here 
the focus is on measurement and not on prediction of choice behavior, otherwise it is a 
matter of policy. In countries such as the UK a societal perspective is used, which means 
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that the utility scale should represent the preferences of health states for the general 
population. In these instances, differences in subgroups seem irrelevant. However, a 
policy maker can only decide on the relevance of subgroups if he knows them to exist. 
Nevertheless, correctly identifying relevant subgroups is a challenging task for any 
researcher and no DC model is suited to give a definitive explanation of heterogeneity.
Limitations of DC models
As mentioned previously, DC models estimate the relative contribution of attributes 
and attribute levels. However, in many situations, the health-state values need to be 
anchored on the quality-adjusted life years (QALY) scale, where 0 is death and 1 is full 
health. There are difficulties with estimating the health-state ‘death’ in DC experiments. 
McCabe et al. [160] and Salomon [24] both proposed solutions where the state ‘dead’ 
is mixed in the choice set. This way a parameter for the state ‘dead’ is estimated as 
part of the model. However, Flynn et al. [204] notes that estimated values are likely to 
be incorrectly anchored when assumptions about the decisions between living states 
and death are not satisfied. When there is a significant proportion of the sample that 
regards all life worth living (e.g., because of religious beliefs) this is likely to be true. 
Additionally, not only is the sample of influence, but so is the classification system 
that is being valued. For example, when a disease-specific classification system is 
being valued, one expects the range of total health states to be limited. Ratcliffe et al. 
performed a valuation study on the sexual quality of life questionnaire (SQOL-3D) [162]. 
They found that all respondents found the worst health state to be better than death 
(using the TTO). They did not include death in their DCE, but had they done so, it would 
have been likely that all respondents would prefer the SQOL-3D health states to death. 
Such assumptions of the random utility model might be violated and thus decrease the 
validity of the results.
Response tasks
Some differences emerge in the simulated behavioral process and in the amount 
and type of information provided by each response task. In that light, experts have 
sought to clearly distinguish between rating, ranking and discrete choice tasks. Choice-
based and non-choice-based techniques differ in that the former attempt to simulate 
human behavior in real-world situations. Only choice-based tasks have close links with 
economic theory [165]. This argument is commonly used in marketing, as consumers 
in the real world are making actual choices between products instead of ordering or 
rating them.
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With rating tasks, the respondents assign a value for each profile presented. Rating 
tasks do not inherently imply comparisons between alternatives and have therefore 
been criticized as being unrealistic. In contrast, the ranking approach does inherently 
imply making comparisons between a number of alternative options by ordering them 
according to the respondents’ own preferences. Nonetheless, a discrete choice task is 
considered to be much easier than a rating or ranking task (in general, presenting more 
alternatives to be ranked would correspond to greater difficulty in ordering them). 
However, a discrete choice task would require more respondents (or more choice 
tasks per respondent), since choosing one alternative over two or more others is less 
informative than providing ratings (or rankings) for each one.
A response task that combines both a discrete choice and an indication on the strength 
of the preference could provide more information per choice task. Such responses can 
be elicited by presenting respondents with two health states. The response options 
could vary from ‘definitely prefer A’ to ‘definitely prefer B’. These responses could 
be modeled with conditional ordinal logit or probit models. However, at least to our 
knowledge such models have thus far not been applied in the valuation of health 
states (but note [97]). Nonetheless, these models appear very promising as they might 
require fewer respondents, or provide more precise estimates with an identical number 
of respondents. Careful consideration should be paid to the feasibility if researchers 
attempt to use such a methodology. Since the response task is extended, cognitive 
burden is likely to increase, which might also lead to more noise in the data.
Another response task that might be useful in the valuation of health states is best–
worst scaling (BWS), also known as maximum difference scaling [205]. There are 
three types of BWS, namely attribute BWS, profile BWS and attribute-level BWS. In 
attribute BWS, respondents choose the best and worst attributes from those available. 
An example of the attribute BWS is the study by Finn and Louviere [206]. In such a 
response task, respondents select the best and worst attributes of those given. In the 
field of health-state valuation, such a task might provide relevant information for the 
selection of attributes for a classification system. In profile BWS, respondents are shown 
several profiles (health states of varying attribute levels) and have to indicate which 
profile they consider best and which one they consider worst. This task is very similar 
to a paired comparison with more than two profiles, although respondents provide 
more information since they also indicate which profile they consider worst. the field of 
health-state valuation such a response task might be useful; however, if the classification 
system that is being valued consists of many attributes and levels, respondents might 
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find this task too difficult to complete [200]. The final type is the attribute-level BWS. In 
this response task, respondents are presented with a single profile (health state). They 
have to indicate which attribute level they consider to be the best, and which the worst 
attribute level. This type of BWS might prove to be very useful in the context of health-
state valuation, since the amount of information respondents need to process seems 
lower than in a pair-wise comparison. Attribute-level BWS has been applied successfully 
in the field of health-state valuation [195,207]; however, the reader is referred to Flynn 
et al. for some methodological considerations [202,203,208]. 
To implement fundamental measurement of health states, the Rasch model needs to 
be applied. A response task that would allow this and make use of the advantages that 
DC experiments offer would appear as follows. Respondents first indicate their own 
health status on the instrument to be valued. Subsequently, they are confronted with a 
choice task that incorporates their own health state, and one or more health states that 
are expected to have a somewhat similar value to the respondent’s health state. Such 
a task would require computer adaptive testing, and it would only be feasible when 
patients are used instead of the general population [182]. This is because the general 
population on average suffers from very few health limitations, and thus a respondent’s 
own health state would be dominant to almost all other health states. In addition, the 
patient sample needs to be heterogeneous; ideally, it should cover the entire health-
state continuum.
Probabilistic choice models versus other methodologies
Assigning values to health states with probabilistic choice models that are based 
on response tasks, such as ranking of states or choices between states (e.g., paired 
comparisons), may be preferred to trade-off techniques, such as the SG and the TTO, 
which have been frequently applied to assign values to health states [23,81,209]. 
For years, SG was considered the gold standard because it was developed under 
the expected utility theory by von Neumann and Morgenstern (vNM). However, as 
empirical research has shown, people’s behavior systematically violates the underlying 
assumptions of the vNM utilities. People have difficulty operating with probabilities, 
and they may be averse to taking risks [210].
TTO was developed by Torrance et al. as an alternative to SG that would be easier to 
administer. The main characteristic of TTO is that it collapses into one single measure 
of the relationship between a health state, its duration and its value. However, there is 
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some doubt about the validity of the assumption in the TTO method, which states that 
people can trade off a constant proportion of their remaining duration of life irrespective 
of the number of years that remain. In fact, this technique assumes that the amount 
of time an individual is willing to give up to be in a given health state is independent of 
the time horizon of that state. Research has shown that the value of health depends on 
the time spent in a certain health state. For states better than death, a longer duration 
may be preferred over a shorter duration, while the opposite may hold for states worse 
than death [211]. In addition, certain states better than death may be considered worse 
than death as the amount of time in such states increases. This implies more complex 
relationships than the standard linear relationship of duration that is assumed with TTO.
Some researchers argue that both SG and TTO response tasks might be regarded as a 
series of DC experiments since respondents make a choice between two health states 
[197] (however, note that it is long and well known that iterative tasks of this type 
are subject to starting point bias – e.g., [212] – and that most DCE researchers would 
generally not agree with such a characterization). For example, consider a TTO in which 
a respondent is asked to choose between 10 years in health state A, or 8 years in full 
health. This single question might be regarded as a paired comparison. Suppose the 
respondent chooses 8 years in full health, so the TTO continues and produces another 
scenario, 10 years in health state A, or 4 years in full health. Again, this question can 
be regarded as a paired comparison. Suppose now that the respondent indicates to be 
indifferent between the two health states. Since both SG and TTO are iterative tasks 
until a point of indifference is found, each health state utility is measured by a series of 
paired comparisons (in the example above only two). The authors would like to stress, 
however, that these tasks contain factors extraneous to health (such as risk aversion 
in SG and time preference in TTO). Therefore, the scales that such techniques produce 
might include dimensions other than health and might thus not be unidimensional (as 
is required in the QALY framework). Nonetheless, modeling TTO and SG tasks as PC 
models might improve the health-state values [197]. In both SG and TTO only a single 
(impaired) health state is valued. As such, these response tasks could be regarded as 
monadic response tasks. The DC experiments using pairwise or multiple comparisons 
have simultaneous assessment of multiple health states. This puts constraints on the 
possible biases that are associated with monadic measurement approaches. One 
recent study attempted to compare the TTO technique with a DCE that includes a time 
attribute [213]. The authors showed that adding a time attribute to a health state is 
feasible for eliciting health-state values; however, more research is needed to verify 
that the constant proportional TTO in such a DCE is not violated.
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Whereas visual aids and face-to-face interviews may be necessary in the application 
of SG and TTO [214], the VAS technique can easily be self-administered. Furthermore, 
there are some similarities between the VAS and the ranking or the discrete choice 
tasks, but only when respondents position a number of health states simultaneously 
on a single scale (multi-item VAS). Then they are implicitly comparing health states 
and making decisions about which ones are preferable [157,215]. For this reason, the 
multi-item VAS may be regarded as a compound task of multiple paired comparisons 
for (discrete) choices supplemented with a level of rating. However, the above is not 
applicable to the single item VAS, which has some methodological flaws; in particular, 
it is prone to end-aversion and context bias. Furthermore, it is not embedded in a clear 
underlying theoretical measurement framework [84-87]. In addition, the anchors in 
these scales are potentially ambiguous or not noticed at all by respondents [9,88].
It seems likely that the multi-item VAS, Thurstone scaling, and the DC models will produce 
almost identical results. The DC experiments, however, prove to have an advantage over 
VAS: the former may eliminate any context bias that might occur in the VAS [87,157]. 
Nevertheless, systematic comparisons between health state values derived with DC 
models and other elicitation techniques are rarely made [216]. To explore the possible 
benefits of ‘modern’ methods such as discrete choice modeling in valuing health states, 
initial attempts have been made to compare these various methodologies [194,196].
Expert commentary
PC models have become a focal point of attention and work in the area of health 
evaluation, especially in health economics. In particular, there has been rapid growth 
in the use of DC models to derive values by trading off between attributes of different 
natures (e.g., health outcomes vs. process attributes) with respect to potential 
competing goods or services. Modeling individuals’ preferences with the current 
repertoire of techniques and instruments has often been found to be difficult. This has 
encouraged researchers to develop and make available more sophisticated statistical 
models and programs. Recent work considers PC models as potentially straightforward 
means to assess health-state values. PC models are now the object of investigations 
comparing their properties with those of more widely applied techniques for health-
state valuation.
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Five-year view
Current research on health-state valuation focuses on the comparison between PC 
models and widely applied techniques such as SG and TTO. The latter techniques are 
associated with biases that are caused by the elicitation technique. Choice experiments 
offer a great alternative as elicitation techniques since these are less associated with 
known biases. The largest body of research is predominantly being published by health 
economists and econometricians. To a smaller extent, researchers with a background 
in psychology or psychometrics are involved in this field. The authors argue that both 
of these disciplines should strive to keep up to date with one another. There have been 
a great many advances in choice modeling by econometricians that might be unknown 
to many psychologists/psychometricians. Similarly, many econometricians might 
fail to appreciate the value of psychometric innovations. There are very interesting 
ongoing attempts to arrive at a generalized measurement framework that incorporates 
many distinct analytical techniques to quantify subjective phenomena, such as factor 
analysis [217], multidimensional scaling or unfolding techniques [131,218,219], Rasch 
analysis and item response theory [179,220,221], and structural equation modeling 
[198,222]. All of these techniques have in common that they try to scale a (latent) 
trait or construct. This implies that all of these techniques could in principle be used to 
measure the values of health states. Although it is currently unknown whether these 
techniques can be embedded in the random utility framework, future studies might 
discover the assumptions under which these techniques can be incorporated in random 
utility theory. The authors hope that these methodologies will be identified by more 
researchers as valid alternatives for the current health-state valuation techniques. The 
combination of these methodologies may eventually lead to a dynamic concept of 
health status, where respondents themselves decide the most relevant attributes. Such 
methodologies would make the most use of individual variability in preferences and 
aggregate them to values usable for the estimation of QALYs.
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Appendix
[a] Law of Comparative Judgment
Thurstone [16] proposed that perceived physical phenomena or subjective concepts 
(e.g., health states, treatment outcomes, process characteristics) can be expressed as 
follows: 
         (1)
 
where qi is the true weight of an object (e.g., item, stimulus, health state) i , α is the 
measurable component of that weight for the object i, ε is a random error term. The 
assumption in the model proposed by Thurstone is that ε is normally distributed. This 
assumption yields the binomial probit model. 
In Thurstone’s terminology, choices are mediated by a ‘discriminal process’. He defined 
this as the process by which an organism identifies, distinguishes, or reacts to stimuli. 
Consider the theoretical distributions of the discriminal process for any two objects, 
like two different health states i and j. In the LCJ model, the standard deviation of the 
distribution associated with a given health state is called the discriminal dispersion of 
that health state. Discriminal dispersions may be different for different health states.
Let qi and qj correspond to the scale values of the two health states. The difference  qi  - 
qj is measured in units of discriminal differences. This difference process, qi  - qj = (αi  - αj) 
+ (εi  - εj), is normally distributed with mean qi  - qj and variance σij corresponding to  
 
         (2)
Thurstone stated that the relation between the difference in the means of what he 
called the discriminable process, qi  - qj, the z score of the probability of selecting the 
one object as larger than the other, and the variance and correlations of the random 
variables qi and qj can be modeled. This is known as the law of comparative judgment:
         (3)
where qi , qj denotes the standard deviations of the two stimuli (health states) i and j, ρij 
denotes the correlation between the pairs of discriminal processes i and j, zij is the unit 
2
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normal deviate corresponding to the theoretical proportion of times health state j is 
judged greater than health state i. This basic form of the model can be represented as, 
qi - qj = zij, for which the probability that object j is judged to have more of an attribute 
than object i is
         (4)
where Φ is the cumulative normal distribution with mean zero and variance unity.
[b] Bradley-Terry-Luce (BTL) Model
While the probit model (by Thurstone) has normally distributed error terms, a logit 
model is simply a log ratio of the probability of choosing a stimulus to the probability 
of not choosing a stimulus. If P is a probability, then P/(1 − P) is the corresponding 
odds, and the logit of the probability is the logarithm of the odds. The logit function 
is defined as the inverse of the logistic function. The logistic model is not linear, nor 
additive. Rather, it assumes an S-shaped response curve. One of the reasons the logit 
model was formulated was its’ ease of use. In comparison, probit models require 
the computation of integrals, which is why these models were less often used in the 
past. Modern computing however has made this computation fairly simple. The main 
difference between the logit and probit models lies on the distributional assumption 
of the error term. Consequently, the weighting of the cumulative probabilistic curve 
is different, as the logistic distribution tends to be a little flat tailed. The coefficients 
obtained with these two models are actually fairly close in most cases.
In the BTL model [171,172], the probability that object i is judged to have more of an 
attribute than object j is:
         (5)
where qi and qj are respectively the scale values or weights of the two objects.
[c] Rasch model
In the Rasch model for dichotomous data [179], the probability that the outcome is 
correct (or better than another) is given by:
         (6)
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where ηn identifies a characteristic of the person n, as for instance his or her ability or the 
quality of his or her health status, and qi refers to the item i, as for instance the difficulty 
of an item (or seriousness of a health state). By an interactive conditional maximum 
likelihood estimation approach, an estimate qi − qj is obtained without involvement of 
η, , which is specific to the Rasch model. This estimation approach leads to invariance: a 
fundamental aspect of objective measurement [223].
[d] Multinomial Logit Models versus Conditional Multinomial Logit Models
There is much confusion in the literature about the differences and similarities 
between multinomial and conditional logit models. The authors have contacted several 
experts in this field of research and received almost as many different explanations 
as experts approached. Multinomial logistic and conditional (multinomial) logistic 
regression models are different but often the terminology to describe the model is used 
differently or incorrectly. In fact, the term multinomial logit is quite confusing because 
different fields and people use it to refer to different things. The term conditional logit 
unfortunately includes a wide array of sub-models that depend on whether certain 
effects of interest are generic or differ for at least one of the choice alternatives.
The term multinomial logit model (MNL) refers to a regression logit model that 
generalizes logistic regression by allowing more than two discrete outcomes. This model 
assumes that data are case specific; that is, each independent variable has a single 
value for each case. Consider an individual choosing among K alternatives in a choice 
set. Let Xj represent the characteristics of individual j and bk the regression parameters 
(each of which is different, even though Xj is constant across alternatives)
         (7)
Let Pjk denote the probability that individual j chooses alternative k. The probability that 
individual j chooses alternative k is:
         (8)
It is important to clarify some terminology. The model mentioned and used for 
behavioral modeling of polytomous choice situations, developed by McFadden [27], is 
generally called MNL. Yet some important distinctions have to be made between the 
(conventional) multinomial logit model and the conditional multinomial logit model. 
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Although the McFadden model is often simply referred to as the multinomial logit 
model, this refers to the conditional model. In conditional logistic regression, none, 
some, or all of the observations in a choice set may be labeled. Thus, McFadden’s choice 
model (discrete choice) is a special case of conditional logistic regression (conditional 
logistic analysis is also applied in epidemiology when analyzing matched case control 
data). In the conditional logit model, q is a single vector of regression coefficients; the 
explanatory variables Z assume different values for each alternative; and the impact of 
a unit of Z is assumed to be constant across alternatives:
         (9)
The probability that the individual j chooses alternative k is
         (10)
Both models can be used to analyze the choice of an individual among a set of K 
alternatives. The central difference between the two is that the conventional multinomial 
logit model focuses on the individual as the unit of analysis and uses the individual’s 
characteristics as explanatory variables. In contrast, the conditional multinomial 
logit model focuses on the set of alternatives for each individual and the explanatory 
variable comprises characteristics of those alternatives. It is possible to combine the two 
models to simultaneously take into account both the alternatives’ and the individual’s 
characteristics as explanatory variables. This is called a mixed logit model:
         (11) 
Where Ujk is the utility of the alternative k assigned by the individual j. Ujk depends on 
both the alternatives’ characteristics x and on the individuals’ characteristics Z, plus a 
non-estimable part represented by ε.
In addition to the mixed-logit (where ‘mixed’ refers to characteristics), where both 
respondents’ and stimuli characteristics are being taken into account, an even more 
general model is the logit-mixture model (where ‘mixture’ refers to the distributions of 
error terms). This model also takes individual taste variation into account, by partitioning 
the error-term in a random part (or any other type of distribution) and an extreme-
value part. The model has the following form:
    Ujk = βxjk + µjzjk + εjk    (12)
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Where βxjk is the systematic component of the utility (which can include both respondent 
and attribute characteristics) and µjzjk and εjk are error terms; µ is a vector of random 
terms with a mean of zero (or of any other distribution than the normal distribution) 
and εjk is IID and has an extreme value type 1 distribution. The component µjzjk allows 
for the induction of heteroscedasticity and correlation across the random part of the 
utility of the different alternatives in the choice set. It is this model that in the literature 
is most often referred to as the mixed-logit model. 
Interestingly, the conditional multinomial logistic model could be extended to analyze 
ordinal preferences. Accordingly, it is conceivable that rank orderings can be generated 
by a process in which an individual first chooses his most preferred alternative from 
all available alternatives. From the remaining alternatives he again chooses his most 
preferred one – thereby stating his second preference – and so on, until there is only 
one remaining alternative, which is, of course, his last preference. Thus, an observed 
preference order can be understood as being generated by a repeated selection process 
in which always the best alternative is chosen and subsequently deleted from the 
choice set. The later decisions are assumed to be independent of the previous ones, 
which is to say that IIA holds. This model is also called ‘conditional logit’, ‘exploded 
logit’, or ‘rank-ordered logit’, as the ranking of K states is exploded into K-1 decision 
stages (see Figure 3 below). The contribution of using a rank-ordered logit model is 
that more information is incorporated in the estimation of the representative function 
compared to the standard logit models.
Figure 3 Deriving paired comparison data based on rank data.
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[e] Independence of Irrelevant Alternatives
The IIA property, which arises from the assumption of independent random errors and 
equal variances for the choice alternatives (IID assumption), implies that the odds of 
choosing one alternative over another must be constant regardless of whatever other 
alternatives are present [172]. To give an example put forward by Debreu [224] where 
IIA does not hold: suppose an individual wants to buy a CD, and she is equally likely 
to choose a Beethoven or a Debussy recording (Pr{B|B, D} = Pr{D|B, D} = 0.5). Now 
suppose that she encounters a second Beethoven recording that she likes just as much 
as the first (Pr{B1|B1, B2} = Pr{B2 |B1, B2} = 0.5). If she were rational, how would she 
choose among all three recordings {B1, B2, D}? We would expect Pr{B1|B1, B2, D}=0.25, 
Pr{B2|B1, B2, D}=0.25, and Pr{D|B1, B2, D}=0.5. However, IIA implies that Pr{B1|B1, B2, 
D}=1/3, Pr{B2|B1, B2, D}=1/3, and Pr{D|B1, B2, D}=1/3 (in this context this makes perfect 
sense, as a 2nd Beethoven recording is unlikely to be irrelevant from the first). This IIA 
assumption may be too restrictive in practical situations. can be unrealistic in many 
settings. The outcomes that could theoretically violate IIA (such as the outcome of 
multi-candidate elections, or according to Arrow [225] any choice made by humans) 
may make conditional multinomial logit an invalid estimator. Nonetheless, when IIA 
reflects reality, it offers many advantages, but whether IIA holds in a particular setting 
is an empirical question amenable to statistical investigation. There seems to be ample 
scope for research aimed at developing models that allow for managing contexts where 
IIA may not hold. Some models like the logit-mixture relaxed the assumption of IIA. 
This means that these models can allow for random taste variation, correlations in 
unobserved factors over time and unrestricted substitution patterns. McFadden and 
Train showed that given an appropriate specification of variables and distribution of 
coefficients, a logit-mixture can approximate to any degree of accuracy any true random 
utility model of discrete choice [226].
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Abstract
Background: Conventional techniques to measure health-related quality of life (HRQoL) 
in a single value or index are complex, require abstract reasoning skills, and are prone 
to biases (e.g., adaptation). A possible alternative that requires less cognitive demand 
is Thurstone scaling. The present explorative study investigates the feasibility and 
concurrent validity of using Thurstone scaling to elicit health-state values in patients 
with dementia and their proxies.
Methods: The participants in the present study were 145 pairs, consisting of community-
dwelling persons with dementia and their proxies. We administered the prototype 
of the dementia quality-of-life instrument (DQI), a dementia-specific HRQoL index 
instrument, to both patients and proxies. The patient’s health state as defined by the 
DQI was placed randomly among nine other DQI health states and these were ranked 
from best to worst. These rankings were used for Thurstone scaling. After ranking, the 
health states were placed on a visual analogue scale (VAS).
Results: Thurstone scaling had a completion rate of 37% for patients and 88% for 
proxies. Thurstone scaling showed a high correspondence with VAS values. In addition, 
we identified a trend that shows that patients value most of the evaluated health states 
systematically lower than proxies.
Conclusions: Thurstone scaling proved to be unfeasible for most patients, but feasible 
for proxies. Its concurrent validity was supported and new insights into patient–proxy 
discrepancies were discovered.
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Introduction
Dementia is a progressive neurodegenerative disease that is characterized by memory 
problems, mood changes and communication problems. In later stages impairments 
will emerge in activities of daily and instrumental living. It is a major cause of morbidity 
among the elderly; the prevalence of dementia in people over 65 is 5% and increases 
exponentially with age to approximately 30% - 50% at age 95 and above.[1,2] Future 
scenarios claim that dementia prevalence may have doubled or tripled by 2050.[3,4] 
Clinicians in the field of dementia focus their research on curing impairments. Because 
these efforts have not been very successful, they also investigate means of (temporarily) 
improving cognition, function and behavior or at least delaying their deterioration. 
These results are measured mostly by objective outcome measures. However, health 
is defined as a state of complete physical, mental and social well-being.[5] Therefore, 
current research also focuses on the well-being of people with dementia and their 
health-related quality of life (HRQoL). As such, HRQoL and health status should be 
regarded as important outcome measures in the field of dementia research. 
In general, HRQoL is a subjective measure, so it should be the patients who indicate 
their level. Arguably, it should even be up to the patients to select which domains to be 
covered. However, the very nature of dementia may complicate the measurement of 
HRQoL in two respects. First, conventional methods to assess overall HRQoL for health 
states are rather complex in practice and are associated with biases. Second, obtaining 
responses from patients with dementia by conventional direct HRQoL measurement 
methods is often impossible or the answers are considered invalid. Other methods might 
thus offer scope for research in this field. Additionally, to evaluate whether gathering 
information from informal caregivers (proxies) would provide a valid alternative to 
eliciting patient responses, patients and proxies should be compared directly. According 
to previous studies, proxies systematically report lower HRQoL values for patients with 
dementia than the patients themselves do.[6-8]
However, values for health states of patients with dementia, that are being used in 
economic evaluations are derived from a representative community sample.[9] Thus, 
subjects who value the health states need not be familiar with specific illnesses. 
Moreover, it is reasonable to assume that in many situations healthy subjects may be 
inadequately informed or lack sufficient imagination to make an appropriate judgment 
about the impact of (severe) health states on their quality of life. Many researchers 
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claim that individuals are the best judges of their own HRQoL. Consequently, it are the 
patients’ judgments that should be elicited, not those of a representative community 
sample. For dementia this might be problematic in later stages of the disease, therefore 
it should be investigated further whether proxies provide a valid alternative to patient 
health-state valuations.
There are two theoretically different approaches to HRQoL measurement. The first, based 
on classical test theory, summarizes different health domains by combining the scores 
on several items; this approach uses profile or descriptive instruments. The second uses 
preference-based instruments to generate an index or value. Index measures quantify 
multiple health domains into a single metric by applying specific valuation techniques. 
Conventional methods for valuing health states stemming from economics (e.g. standard 
gamble, time trade-off) are complex, require abstract reasoning skills and are prone to 
biases (e.g. adaptation, time preference, risk aversion).[10,11] Another widely applied 
HRQoL measure is the visual analogue scale (VAS). VASs have also been used in the 
general public to value health states.[6-8,11,12] It is generally accepted that VASs are 
highly feasible and show moderate to good test-retest reliability.[9,13] Therefore, they 
are often used to assess patient HRQoL in longitudinal studies. However, VASs also have 
some methodological flaws. They have been criticized because they are prone to end-
aversion and context bias, they have no clear underlying theoretical framework and 
their anchors are potentially ambiguous and therefore may not be comparable across 
populations.[14-17] The limitations in the above-mentioned valuation methods explain 
the renewed interest in techniques that use cognitively less demanding judgment tasks 
and that are firmly grounded in measurement theory.[12,13]
One such alternative is Thurstone scaling [14], a method rooted in psychology. 
Thurstone scaling and comparable methods based on ordinal responses have been 
applied successfully in areas such as consumer marketing research, political science, 
transportation research and environmental economics. This indirect measurement 
method establishes preferences by making direct pairwise comparisons or rankings. 
The major advantage of the response task in the Thurstone scaling model is that it 
is based on one of the most basic human cognitive processes, namely the ability to 
discriminate.[15,16] In theory, Thurstone scaling demands less cognitive resources than 
other measurement methods and thus could prove useful in patients with dementia.
[12]
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The present explorative study investigates the feasibility and the concurrent validity 
of using Thurstone scaling to elicit health-state values in patients with dementia. Our 
hypothesis is that the Thurstone scaling measurement approach is feasible for patients 
with dementia. Recently, Krabbe et al. demonstrated that health state assessments 
between patients and the general population was similar when a ranking method was 
used instead of the time trade-off methodology. [17] Therefore, our second hypothesis is 
that the Thurstone scaling method could reduce or even eliminate differences between 
patient and proxy assessment that arise from the nature of the measurement task. 
Methods
Respondents
Participants were recruited by a multi-disciplinary memory clinic physician directly after 
diagnosis The participants in the current study were 145 pairs, consisting of community-
dwelling persons with dementia and their informal caregivers, drawn from the AD-Euro 
RCT (a cost-effectiveness study on post-diagnosis care in dementia).[18].The current 
study includes patients with a newly diagnosed dementia fulfilling DSM-IV-TR criteria 
and a score of 0.5-2 on the Clinical Dementia Rating (CDR; 0-3) scale: 0 for none; 0.5 for 
questionable/very mild; 1 for mild; 2 for moderate; and 3 for severe dementia.[19,20] 
In addition to the CDR, the Mini-Mental State Examination (MMSE) was administered, 
although scores on this instrument were not an inclusion or exclusion criterion.[21] 
Patients were excluded if data collection was impossible (for example because of a 
severe hearing impairment), if they had a short life expectancy, if they were awaiting 
nursing home admission, or in case of a definite indication for specific memory clinic 
follow-up (for example having been diagnosed with a rare dementia). Data was collected 
by trained interviewers who administered the questionnaires and the response tasks at 
the patients’ homes. To maximise privacy and reduce potential bias, the person with 
dementia and the proxy were interviewed separately. Interviews were conducted at a 
mutually convenient time.
Health-state descriptions
To measure the HRQoL of patients with dementia we used the Dementia Quality of 
Life Instrument (DQI).[22] The DQI is the prototype of a dementia-specific HRQoL 
instrument that describes dementia health states in five different domains: Memory; 
Orientation (in time and/or place); Independence (in daily activities); (engagement 
in) Social activities; and Mood. Each domain has three levels: ‘no problems’, ‘some 
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problems’ and ‘severe problems’ (Figure 1). The design of the DQI is similar to that of 
the widely used EQ-5D (a generic preference-based HRQoL instrument).[23] There are 
243 (35) different health states: these range from ‘11111’, which indicates a health state 
with ‘no problems’ in each of the five domains, to ‘33333’, indicating ‘severe problems’ 
in each of the five domains.
Figure 1 DQI health states: combinations of five health domains and three levels of severity
Response tasks
Patients were asked to indicate their own health state according to the DQI classification. 
The test administrator recorded the answers corresponding to the statement in each of 
the five domains. These responses were coded as a one-digit number expressing the 
level selected for that domain. The digits for the five domains were combined in a five-
digit number describing the respondent’s health state.
After indicating their own health state, patients were given instructions for a ranking 
task. In total, nine DQI hypothesized health states and the previously classified patient 
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health state were used. The nine hypothetical health states were ‘12211’, ‘21122’, 
‘12132’, ‘11133’, ‘13311’, ‘22222’, ‘23232’, ‘32313’ and ‘33333’. These were selected 
as plausible hypothetical states that roughly cover the total range of health states. 
Note that some health states are dominant over others per definition (e.g. health state 
‘12211’ is dominant over ‘13311’, ‘22222’, ‘23232’, ‘32313’ and ‘33333’), this facilitated 
the ranking task. It was decided not to incorporate more health states so as to avoid 
placing too much cognitive burden on the patients.
The ten cards with DQI health states were placed on the table in random order. The 
‘patient health state’ was placed randomly among the other nine DQI health states. The 
patients were not made aware which card represented their own health state. They 
were instructed to rank the DQI health states by placing the best health state at the 
top of the table, the worst one at the bottom of the table and the remaining ones 
in between. Respondents were informed that there are no ‘right or wrong’ answers 
because what is judged as important differs per individual. The difficulty of the ranking 
and VAS tasks were assessed after the entire exercise (1- very difficult, 5 - very easy). 
In addition, the test administrators assessed how valid they thought the patient and 
proxy responses to be (1 = very valid, 5 = very invalid). We did not explicitly control for 
administration bias, but our test administrators were experienced and had a background 
in (neuro)psychology. This of course does not make the task any less subjective, but we 
were confident that experienced test administrators were able to discriminate between 
patients who did not understand the task and those who did.
Proxies were asked to indicate the health state of the patient according to the DQI 
classification. They were instructed to perform a procedure identical to that of the 
patients, except that besides ranking the DQI health states they also had to rank ten EQ-
5D states (not discussed further in this article). Here too, the ‘patient health state’ (as 
indicated by the proxy) was placed randomly among the other nine DQI health states. 
Proxies were not made aware which card represented the ‘patient health state’. The 
EQ-5D health states were placed on the table after the ten DQI states had been ranked. 
From a theoretical perspective, Thurstone scaling compares favorably to standard 
valuation techniques. However, it requires more observations to arrive at reliable 
values. For this reason we compared the results obtained by Thurstone scaling with 
a widely used health-state valuation technique, the visual analogue scale (VAS). The 
VAS was placed beside the ranked health states immediately after the ranking task was 
completed. Subsequently, patients and proxies were instructed to place the health 
states on the VAS (i.e. multi-item VAS), giving each health state a score between 0 and 
128       
100.[24] A short demonstration was given and the procedure was carried out with a 
bisection method (they first placed the best health state, then the worst health state, 
then the health state ranked in the middle, then the health state ranked halfway in 
the upper half, then the health state ranked halfway in the lower half and finally the 
remaining health states).
Analyses
Completion rates were calculated. When either the ranking task or the placement of 
the health states on the VAS proved too difficult for the respondent to complete, he/
she was coded as a non-completer. The feasibility of Thurstone scaling and the VAS 
were measured with perceived difficulty ratings of both patients and proxies (Likert 
scale from 1 to 5 where 5 represents ‘very easy’ and 1 represents ‘very difficult’). Also, 
the time (in seconds) needed to complete the ranking task and placement of the health 
states on the VAS was measured. In addition, test administrators judged how valid they 
perceived the answers of the ranking task and the placement of the health states on the 
VAS to be. This was done for both patients and proxies (Likert scale from 1 to 5 where 1 
represents ‘very low validity’ and 5 represents ‘very high validity’). Differences between 
patients and proxies (reporting on patients) in DQI classifications were analyzed by a 
Mann-Whitney U test.
The ranking task revealed the number of times each health state was preferred to 
the other ones for all pairs of health states. This data was derived from transforming 
(“exploding”) the ranked data into paired comparisons. These observed frequencies 
were arranged in a square matrix F. Next, matrix P (containing the probabilities of states 
chosen over one another) was constructed from matrix F. Matrix P was used to construct 
matrix Z, the basic transformation matrix. Matrix Z contains the unit normal deviates 
corresponding to each element in P. Thurstone scale values (Z-scores) for each state 
were given as the mean of the column total, calculated with all non-missing elements 
of the Z matrix. A more detailed description of this procedure can be found in Krabbe 
(2008).[12]
In addition, transformations were performed to make the Thurstone values and VAS 
scales comparable. The health state that was rated lowest on the VAS was used as a 
lower anchor for the Thurstone values, while the health state that was rated highest 
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on the VAS was used as the upper anchor for the Thurstone values. This procedure was 
performed independently for patients and proxies with the formula displayed below:
Scorerescaled = ((Zhealth state - Zworst health state) / (((Zbest health state - Zworst health state) / ((VASbest health state – 
VASworst health state)/100)) + VASworst health state /100))*100
A linear regression analysis was performed with the Thurstone values of patients as the 
dependent variable and proxy Thurstone values as the independent variable to further 
investigate the patient and proxy responses. In this analysis, the ‘patient’s health state’ 
was left out in order to study systematic differences in the valuation of health states. 
All analyses were performed in SPSS (version 16.0.01) and graphs were created with 
SigmaPlot (version 11.0). 
Results
Respondents
In total, 145 patients and proxies participated in this part of the AD-Euro study. The mean 
age of the patients was 80.1 (SD 5.8) years, and 58% (n=81) were female. Alzheimer’s 
disease was the most prevalent diagnosis (62%, n=87), followed by mixed dementia 
(28%, n=39), vascular dementia (6%, n=8) and other (4%, n=6). Patient CDR scores were 
0.5 (5%, n=7), 1 (83%, n=116) and 2 (12%, n=17), and the mean of the MMSE scores was 
22.8 (SD 3.4). Proxies defined their relationships to patients as partners (57%, n=80), 
children (37%, n=52) or other (6%, n=8). The mean age of the proxies was 66.4 (SD 13.0) 
years, and 71% (n=100) were female.
Health-state classifications
Health states that patients reported on themselves on the DQI ranged from ‘11111’ to 
‘32332’ and proxy-reported health states of patients on the DQI ranged from ‘11111’ 
to ‘33333’ (Table 1). There is considerable discrepancy between the health as reported 
by patients and by proxies. In total, only three health states were assessed identically 
by patient-proxy dyads. The mean rank scores (as per the Mann-Whitney U test) of 
the DQI domains showed a significant difference between patient- and proxy-reported 
outcomes on all domains except for social activities, which was marginally significant 
(Table 2).
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Table 1 Patient and proxy DQI health-state classifications. Total n=144 
Health state 
indicated by 
patient 
Patients indicat-
ing this health 
state (%)1
Health state(s) indicated by proxies for the respective  
patient health state
11111 3 21211, 22222, 32212, 33212
11112 5 21112, 21112, 21222, 22122, 22311, 22322, 32212
11121 6 22231, 22231, 22232, 23222, 23321, 31232, 32222, 33321, 33322
11122 11 12122, 12133, 21112, 21121, 21122, 21222, 21232, 22121, 22211, 
22222, 22232, 22312, 22322, 31332, 33222
11131 4 11131, 21132, 21222, 22112, 22232, 31321
11132 1 22232, 32332
11212 1 21122 
11222 1 32233 
12111 3 22122, 33312, 33313, 33332
12112 1 23322 
12121 1 11121 
12122 3 22222, 22222, 32211, 32212
12131 1 22132 
12132 1 21131 
12222 1 12111 
13123 1 13123 
21111 7 11111, 12211, 21111, 21123, 21212, 22212, 22222, 31212, 32212, 
32221
21112 2 21122, 22222, 33322
21121 4 11122, 21122, 22221, 22322, 31332, 32222
21122 6 11221, 21121, 21121, 21222, 22221, 22222, 32231, 32232, 32322
21131 4 21131, 21132, 22131, 22232, 32331, 33322
21132 2 21111, 22131, 33232
21211 1 22221 
21212 1 21111 
21221 2 11121, 21331, 22132
21222 1 21222
21231 1 21222, 32232
21232 1 33331 
22111 1 23222, 32211
22112 4 21111, 22211, 22212, 22322, 33213, 33222
22121 3 21121, 21321, 22211, 22221
22122 2 22112, 22122, 32222 
22131 1 32221 
22211 1 31321 
22212 1 22312, 33333,
22221 1 22131, 32121 
22222 2 21131, 32222, 33321
22232 1 32321 
22321 1 22211 
31112 1 22112 
32111 1 32322 
32112 1 22212 
32211 1 22311 
1. Total n=144
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Table 2 Patient and caregiver mean rank scores on the five DQI domains
Domain
Patient
mean rank1,3
Caregiver
mean rank2,3 p-value
Memory 106.24 178.49 0.000
Orientation 112.77 171.00 0.000
Independence 103.92 180.73 0.000
Social activities 134.92 150.80 0.079
Mood 133.31 152.36 0.025
1. n= 140
2. n= 145
3. Total n= 285
Table 3 Clinical Dementia Rating scores of patients by completion of the ranking task 
(% are given per category)
Completed ranking task
CDR score Yes No
0.5 3 (42.9) 4 (57.1)
1 48 (40.7) 70 (59.3)
2 3 (15.8) 16 (84.2)
Health-state rankings
In total, 38% of the patients and 88% of the proxies were able to complete the ranking 
task. There was a significant difference on the CDR (mean rank 66.83 vs. 75.90, p = 
0.049, total n = 144, Table 3) and a significant difference on the MMSE score (x̅ =23.5 vs. 
x̅ =21.3, p = 0.03) between patients who completed the ranking task and those who did 
not. Further results in this section are based only on responses by those patient-proxy 
dyads (n=52) who completed the ranking task.
Patients ranked their own health state as the best one (Figure 2a). Furthermore, their 
rankings correspond with common sense. That is, health states that are worse by 
definition (because of more-severe levels on identical domains) are ranked lower than 
less-severe health states. In addition, patients regard health states that have two or 
more severe domains as worse than the health state ‘22222’, which indicates ‘some 
problems’ on each domain. In contrast, proxies valued the health state ‘12211’ the 
highest (Figure 2B).
The mean patient-perceived difficulty rating of performing the ranking task was 2.94 
(SD 0.90) and 2.82 (SD 0.90) for the VAS task. Mean proxy-perceived difficulty ratings 
were 2.63 (SD 0.74, ratings on DQI and EQ-5D combined) for the ranking task and 2.62 
(SD 0.82) for the VAS task. The mean amount of time the patients needed to complete 
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the ranking task was 567 seconds (SD 221) and 393 seconds (SD 171) to place health 
states on the VAS. Proxies needed 365 seconds (SD 154) and 421 seconds, respectively 
(SD 176; note that proxies ranked 10 DQI states and 10 EQ-5D states, whereby 
completion times were not scored separately for each instrument). The mean of the 
test administrators’ judgments of patient-answer validity on the ranking task was 2.44 
(SD 0.79) and 2.45 (SD 0.84) for the placement of the health states on the VAS. The 
mean validity judgments of proxy answers were 3.98 (SD 0.76) and 3.92 (SD 0.80), 
respectively.
Figure 2 Thurstone values for patients (A) and proxies (B) versus VAS ratings of the 9 Dementia Quality of Life 
Index (DQI) health states and the ‘patient’s own health state’
Thurstone and VAS values
The patient Thurstone values and VAS values show a large correspondence between 
the two valuation methods (Figure 2A ). Health states ‘11133’ and ‘13311’ and health 
states ‘21122’ and ‘12132’ differ in ranking in absolute values. However, differences 
between the VAS scores of these pairs of health states were non-significant (p = .508 
and p = .747 respectively). Thus there seems to be no violation in the ranking order. 
The proxies’ Thurstone values and VAS values show perfect correspondence between 
the two valuation methods (Figure 2B). The linear regression analysis resulted in a 
model: patient valuation =  0.04 + (0.84* proxy valuation) with an adjusted R2 of 0.96 
(Figure 3). The regression line, however, deviates significantly from a perfect correlation 
between patients and proxies. The Thurstone values show a trend whereby patients 
systematically give lower values to most health states compared to proxies.
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Figure 3 Thurstone values of patients compared with Thurstone values of proxies (dyad responses only, 
n=52). The thick solid line represents a perfect correlation, the thin line is the regression line, while the 
dashed lines represent the 95% confidence intervals
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Discussion
In this study we explored the feasibility and concurrent validity of Thurstone scaling, a 
measurement technique based on a simple judgmental task, in a sample consisting of 
(very) mild to moderate patients with dementia and their informal caregivers (proxies). 
Our hypothesis was that this technique was feasible for patients with dementia. 
Furthermore we hypothesized the results of the Thurstone scaling method to be 
concordant with the multi-item VAS. A second objective was to assess the discrepancies 
between patients and proxies. We hypothesized that the differences between patient 
and proxy Thurstone values would be minimal.
Contrary to our expectations, only a minority of the patients in our sample were able 
to indicate dementia-specific HRQoL with Thurstone scaling. However, there was a very 
high concordance between the Thurstone values of patients who were able to do so 
and those of their proxies. This concordance indicates that Thurstone scaling may be a 
proper measurement technique to reduce recognized response biases as observed in 
conventional HRQoL measurement techniques.
We cannot yet ascertain whether proxies are underreporting the HRQoL or whether 
patients are underreporting their problems. The latter might occur due to anosognosia 
(lack of awareness of deficits), one of the important clinical changes that dementia 
causes.[26] We note that this explanation is speculative, since we cannot confirm it 
with the results from this study.[25] However, our results show a trend of patients 
systematically valuing most of the evaluated health states lower than proxies do. This is 
a new insight and might elucidate some systematic differences between the patient and 
proxy perspectives on HRQoL. This trend should be validated and investigated further 
in other samples (which could well be other than dementia patients) to determine 
whether or not this is a systematic difference between all patient and proxy groups. 
If this trend is validated, and if more data becomes available, it might be possible to 
correct for systematic differences between the two perspectives. That would improve 
the validity of HRQoL measurement in dementia and possibly in other disease areas as 
well. 
The judgmental task of the Thurstone scaling exercise proved too difficult to complete 
for the majority of patients. A possible explanation is that patients had to rank ten health 
states, which may have been too many This could have lead to ‘cognitive overload’ and 
could have discouraged patients and make them stop trying to complete the task. To 
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overcome this difficulty we suggest two alternatives. One is to lower the number of 
health states they need to rank. Doing so would reduce the amount of information 
that needs to be processed, though it would also decrease the amount of information 
obtained from the patients. The other option is to use only paired comparisons instead 
of ranking tasks. While the two approaches can generate the same type of data, the 
paired exercise requires more comparisons to yield the same level of information. 
Paired comparisons will probably require more time, but they are likely to require less 
cognitive effort since the respondent does not have to process all the information at 
the same time. However, paired comparisons may cause some respondents to provide 
intransitive responses (A > B, B > C, but A < C) which might give estimation problems. 
Another possible explanation is that patients did not correctly understand what was 
represented on the health-state cards and thus did not comprehend the task itself. 
It should be noted that the Thurstone values for the ‘patient’s health state’ differed 
considerably between patients and proxies. An explanation for this discrepancy may 
be that proxies indicated more problems on the DQI domains when classifying the 
health state of the patient. Patients used their self-rated health state in the ranking 
task, while proxies used their rating of the patient’s health state. Consequently, the card 
that represented the patient’s health state in the ranking task was not always identical 
within patient-proxy dyads.
Thurstone scaling has a number of advantages compared to other valuation techniques. 
First, it is based on a discrimination paradigm, which is embedded in a strong theory 
of human information processing and has been empirically validated in many research 
areas. Second, our respondents had to assess not only the patient’s health state but also 
an additional set of hypothetical dementia health states that cover the spectrum from 
mild to severe dementia. Usually, studies that try to quantify the HRQoL of patients use 
direct measurement techniques (e.g. time trade-off, standard gamble, rating scales or 
a VAS). These measures are monadic: only the health state of the patient is assessed or 
hypothetical health states are assessed, but each of them separately. The discrimination 
paradigm and the simultaneous assessment of multiple health states put constraints 
on the possible biases that are associated with direct measurement approaches.[24] A 
potential downside of the Thurstone scaling method is that it will only produce results 
on the aggregate level, not at the individual level. This does not matter when results 
are used for economic evaluations or other applications, such as monitoring groups 
of patients or modeling diseases. But it will not be a useful method for research about 
individual health states in the clinical practice.
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The current study also has some limitations. One major concern is that only a minority 
of the patients were able to perform the ranking task. Thus, we cannot infer the health-
state preferences for the majority of our patient sample. This makes it difficult to 
generalize from our findings. Furthermore, it is possible that for proxies the ranking of 
EQ-5D health states in addition to the DQI health states caused a bias. Proxies ranked 
the EQ-5D health states before placing the DQI states on the VAS, this might have led to 
different VAS valuations of the DQI states compared to patients, as two different HRQoL 
classification instruments were used in the same task. 
The current study demonstrates that the Thurstone methodology is hardly feasible 
in a patient sample with mild to moderate dementia. Thus indicating that health-
state valuations from patients with cognitive impairments are difficult to obtain 
from patients themselves. This issue might seem of little importance, as the current 
practice is to derive health-state values from the general population. However, there 
is a growing dissatisfaction in the field of health-state valuation with this current 
practice. Researchers are arguing to start eliciting patient preferences instead. If this is 
to become the new practice, then the current article provides very relevant information 
that at least in one major disease area practical issues complicate this methodology, 
even if applying one of the most basic valuation techniques. Moreover, despite the 
low feasibility, the current manuscript contributes 2 important findings: 1) Thurstone 
scaling seems valid as a health state valuation method given its high concordance with 
the multi-item VAS, even with a small sample size (n=52), and 2) patient health state 
valuations appear to differ systematically from proxy health state valuations.
In conclusion, we have shown that Thurstone scaling can be a valid way to derive health-
state values. Nonetheless, given our results, we do not recommend its use for patients 
with dementia because of its low feasibility. Nor do we recommend using proxies as 
a valid alternative as their health-state valuations systematically differ from patients’. 
More research is needed before using proxy assessments may be considered a valid 
alternative.
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Abstract
Objective: A new methodology is introduced to scale health states on an interval 
scale based on similarity responses. It could be well suited for valuation of health 
states on specific regions of the health continuum that are problematic when applying 
conventional valuation techniques. These regions are the top-end, bottom-end, and 
states around ‘dead’.
Methods: Three samples of approximately 500 respondents were recruited via an 
online survey. Each sample received a different judgmental task in which similarity data 
were elicited for the top seven health states in the dementia quality of life instrument 
(DQI). These states were ‘111111’ (no problems on any domain) and six others with 
some problems (level 2) on one domain. The tasks presented two (dyads), three (triads), 
or four (quads) DQI health states. Similarity data were transformed into interval-level 
scales with metric and non-metric multidimensional scaling algorithms. The three 
response tasks were assessed for their feasibility and comprehension.
Results: In total 532, 469, and 509 respondents participated in the dyads, triads, and 
quads tasks respectively. After the scaling procedure, in all three response tasks, the 
best health state ‘111111’ was positioned at one end of the health-state continuum 
and state ‘111211’ was positioned at the other. The correlation between the metric 
scales ranged from 0.73 to 0.95, while the non-metric scales ranged from 0.76 to 1.00, 
indicating strong to near perfect associations. There were no apparent differences in 
the reported difficulty of the response tasks, but the triads had the highest number of 
drop-outs.
Discussion: Multidimensional scaling proved to be a feasible method to scale health-
state similarity data. The dyads and especially the quads response tasks warrant further 
investigation, as these tasks provided the best indications of respondent comprehension. 
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Introduction
Comprehensive and generic health-related quality of life (HRQoL) measures have been 
designed to capture an individual’s health status in a single value (index or weight). 
While mostly applied in cost-effectiveness analyses [1,2], such values can also be used 
in health-outcomes research, disease-modeling studies, and monitoring of public health 
programs. 
The most frequently used valuation techniques to derive health-state values are the 
standard-gamble (SG) [3], time trade-off (TTO) [4], and the visual analogue scale (VAS) 
[5,6]. However, there are drawbacks to each of these traditional techniques, both 
theoretical and empirical. SG values tend to be biased by risk aversion and the SG task 
was often considered as too cognitively demanding [7]. TTO values incorporate time 
preferences in addition to health-state preferences [8]. In addition, difficulties arise 
when valuing states that are worse than ‘dead’, and some people are unwilling to trade 
any life years because they consider life worth living under any conditions [9,10]. Even 
the new protocols (lead-time TTO, lag-time TTO, composite TTO) that were designed 
to overcome some of the problems of the traditional TTO protocol are subject to these 
biases [11-14]. Moreover, the TTO tasks have been framed in several ways, multiple 
iteration procedures have been applied, and the time horizons have differed. The VAS, 
which was introduced in the field of psychology, has been criticized for its interval 
properties [15], potential anchoring effects, and context and end-aversion biases 
[16]. The person trade-off method has been applied in the setting of public health 
evaluation, where the shortcomings of complex trade-off valuation techniques have 
been recognized, leading to the adoption of an easier ordinal response task [17].
Over the past decade, (discrete) choice models have gained considerable attention 
as an alternative to these conventional techniques [18-24]. Choice models are an 
extension to Thurstone’s law of comparative judgment (LCJ) [25]. Whereas Thurstone’s 
LCJ allows only the estimation of the relative values of health states based on paired 
comparisons [26], modern choice models extend it by regressing the relative weights 
of the domain levels that are part of the health-state descriptions [20,27,28]. These 
models are grounded in random utility theory, an idea that originated in psychology 
[25] and was subsequently adopted by economists [18]. A benefit is that the response 
tasks (e.g., paired comparisons) are cognitively less demanding, since they involve one 
of the most basic human operations, namely discrimination. Nonetheless, even though 
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discrimination is one of the easiest response tasks for individuals, the operation is still 
limited by cognitive resources [29]. As such, even in paired comparisons the amount of 
information needs to be constrained. 
A serious drawback of the DC models is that relative distances between health states 
are produced. In many applications, however, absolute values are required. In particular 
if health-state values are used in computing conventional quality-adjusted life years 
(QALYs) an important requirement is that position of ‘dead’ (value = 0) is specified. 
Another related problem exists at the top end of the health-state continuum. For 
instance, ‘perfect health’ (or its synonym) is always preferable (dominant) in DC tasks. 
As a result, the health states closely positioned to ’full health’ cannot be accurately 
estimated. A methodology that has received little attention [30] and that may be able to 
deal with the limitations associated with DC modeling is (non-metric) multidimensional 
scaling (MDS) [31-33]. MDS is a collection of mathematical (hence, not statistical) 
techniques that can be used to analyze distances between objects (e.g. health states). 
These distances may be interval (metric) or rank distances (non-metric). For example, 
the ‘psychological distance’ between health states would be the perceived similarity 
between them, as elicited in specific judgmental tasks. MDS models similarity data 
as distances among pairs of health states in a geometric space. This is illustrated in 
Figure 1, which displays four health states with an interval distance between them 
represented by the length of the arrows. If we approximate the distances between the 
pairs of health states, we can use these rough estimates as input to infer the actual 
distances, which is done with metric multidimensional scaling. Conversely, when the 
distances are elicited as or converted into rank distances (the blue numbers in Figure 1), 
we can use non-metric multidimensional scaling. A benefit of non-metric MDS is that 
it allows responses that are less precise. As such, easier response tasks can be used to 
obtain this type of similarity data. 
Figure 1 Schematic representation of the psychological distances and the rank distances between health 
states, and ranks between pairs of health states (input for non-metric MDS).
     143
9
When a unidimensional solution (a basic requirement for measurement) is found with 
MDS, the health states are represented on an interval scale. The values can then be 
rescaled to a ‘0’ (dead) -- ‘1’ (perfect health) scale. In theory, MDS is an elegant and 
robust method [34-38]. In practice, however, it might be very demanding at the data 
collection stage. For the time being, MDS seems more suited for exploring and deriving 
distances (quantification) in specific regions [30] or situations where conventional 
valuation techniques and choice models are not feasible or even fail. The current study 
is as an explorative study that attempts to investigate the feasibility of eliciting similarity 
data for health states and quantifying these states with MDS, meanwhile explaining in 
detail the procedures that underlie the approach.
Methods
Respondents
A company for marketing research (Survey Sampling International, Rotterdam) recruited 
the respondents for this study by selecting 1500 individuals aged 18 – 65 years from its 
respondent panel. After quota sampling, the sample was deemed roughly representative 
for the Dutch population with regard to age, gender, and education. An invitation was 
sent to the members of the sample by e-mail. Upon accepting, they were redirected to 
an online survey and then randomized to participate in one of three different response 
tasks (see below). 
Ethics statement
The Dutch medical research involving human subjects act states the following regarding 
survey research: “No ethical approval is required unless: 1) subjects are under 18 years 
old, or are (mentally) incompetent 2) given the condition of the subject the survey 
is psychologically burdensome 3) subjects receive surveys on multiple occasions 4) 
subjects must travel or impose additional costs.” The current research project was sent 
to the local ethics committee (http://www.cmoregio-a-n.nl/) which concluded that it 
did not require ethical approval.
Health states
The dementia quality of life instrument (DQI) [39] describes dementia-specific HRQoL in 
six domains: 1) physical health; 2) self-care; 3) memory; 4) social functioning; 5) mood; 
and 6) orientation. Each is measured on just three levels: 1) no problems; 2) some 
problems; or 3) severe problems. The DQI is intended for use among community-dwelling 
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people. A particular health state is expressed as a six-digit number. The position of the 
digit denotes the domain, while the digit itself represents the level of problems in that 
domain. For example, ‘333332’ corresponds to a health state with severe problems in all 
domains except orientation, where there are some problems. In the present study, only 
the top end of the health-state continuum was investigated. Therefore, the following 
seven DQI health states were used: ‘111111’, ‘211111’, ‘121111’, ‘112111’, ‘111211’, 
‘111121’, and ‘111112’. The DQI was chosen as this study was part of a research project 
for the development of the DQI.
Response tasks and designs
Three methods of collecting similarity data were investigated (Figures 2, 3, and 4). The 
first method (dyads) had a paired comparison design, whereby each health state was 
paired with every other one. All respondents were thus presented with 21 pairs. The 
task was to rate the similarity of the presented health states on a scale of 1 to 9 where 
1 indicated ‘very similar’ and 9 ‘very dissimilar’ in severity. Levels 2-8 were unlabelled.
The second method (triads) had a cartwheel design, presenting each health state along 
with two others [32]. For each triad, the respondents had to indicate in two separate 
response tasks which two of the three health states shown were the most similar and 
which the least similar in severity. Responses were coded as a ‘2’ for the most similar 
pair and ‘0’ for the least similar pair. The middle pair was inferred by transitivity and 
coded as a ‘1’. An incomplete block design was used to minimize the burden on the 
respondents. Each participant was randomly assigned to a single block. In each block, 
one health state was held constant to facilitate comparisons, while the other two states 
were systematically varied per comparison. Each block thus had                    or 15 triads. 
Since there were two response tasks per triad, it was decided to show a respondent 
only half of a block. For example, block 1 had the health state ‘111111’ in each triad 
(16 tasks); block 2 also had the health state ‘111111’ in each triad (14 tasks); block 3 
had health state ‘211111’ in each triad (16 tasks), and so on. Each respondent thus 
answered either 14 or 16 questions on health-state similarity. For the triads tasks, the 
number of inconsistencies within one triad was recorded, as inconsistencies lead to 
inference problems (see analyses).  
1 • 6 • 5
2
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Figure 2 Schematic representation dyads response tasks and data manipulation.
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Figure 3 Schematic representation triads response tasks and data manipulation.
The third method (quads) had a paired comparison design that presented two pairs of 
health states (pairs of pairs / tetrads) in each question. The respondents were asked, 
“In which pair are the two health states more equally severe?” Because the number of 
tetrads was        or 210, it was decided to show each respondent 15 random 
choice options.
2
7 • 6
2
7 • 6
2
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Figure 4 Schematic representation quads response tasks and data manipulation.
Judgmental processes
For the dyads response task we assumed the following judgmental processes to occur: 
each health state is valued independently. We define Uij as the value that respondent 
i attaches to health state j where U is unidimensional and composed of systematic 
components and unobservable components [25]
         (1)
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The systematic component of the value is based on a function of the combination the 
attributes (in this application, the DQI domains: α) and levels (the amount of problems 
on a domain: λ). In mathematical terms:
         (2) 
where fi is unknown. Subsequently, the difference in value between health states j and 
k presented in set S is evaluated. In mathematical terms:
 
         (3)
Finally the difference in value between both health states is assigned an integer (R) 
on the response scale by respondents, whereby the ordinal relationship between 
comparisons across health-state sets is maintained. In mathematical terms: 
      
         (4)
where  is monotonically decreasing.
For the triads response tasks we define the following judgmental processes to occur: 
each health state is valued independently (equation 1). Subsequently, the difference in 
values of health states j, k, and l in set S are evaluated: 
    
         (5). 
Next, respondents choose the two health states in the set that have the highest 
similarity. 
In the second triad response task the process is reversed. Thus respondents choose 
the two health states that have the lowest similarity. In theory respondents re-assign 
values to each of the health states in this second task, which because of the error term 
could cause reversals in rankings. However, because this would lead to problems in 
estimation of the MDS scale, as we would not be able to infer a rank order, we coded 
responses as if the assignment of values to health states occurred once, and was stable 
over response tasks (see analyses). 
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For the quads response task we define the following judgmental processes to occur: 
within each pair of health states, each health state is valued independently (equation 
1). Subsequently, within each pair the similarity between health states is evaluated 
(equation 3). Finally, respondents choose the pair with the highest similarity.
Analyses
For the dyads method, mean dissimilarity scores were calculated with the responses on 
the 9-point scale and used as input for a metric dissimilarity matrix D. Subsequently, 
this matrix was transformed into a metric similarity matrix D’ by transforming each 
element xjk (representing the mean dissimilarity between the column j and row k health 
states) in D by 10 - xjk (see Figure 2 for the analytical process).
For the triads method, individual responses were entered in a paired similarity 
dominance matrix. All individual matrices were summed to construct a paired similarity 
dominance array. By summation over the matrices of this array, the marginals were 
used as input for a metric similarity matrix T (see Figure 3 for the analytical process). All 
inconsistent responses per triad were omitted from the analyses. Spearman correlation 
coefficients between the number of inconsistencies and respondents’ characteristics 
were calculated to assess which factors contributed to inconsistencies.
For the quads method, the percentage of times a pair of health states was chosen over 
another pair of health states was used as input for the paired similarity dominance 
matrix. In a fashion resembling the triads method, this matrix was transformed into a 
metric similarity matrix Q (see Figure 4  for the analytical process). 
All of the above similarities were scaled with metric and non-metric MDS by means 
of the SPSS (version 20) algorithms in PROXSCAL [31] and rescaled to a 0-10 scale. For 
goodness of fit of the six solutions, the stress-1 values were compared in combination 
with Shepard diagrams [36]. We adopted Kruskal’s benchmark values of stress-1 values 
for non-metric MDS: .20 = poor; .10 = fair; .05 = good; .025 = excellent [34]. Stress values 
should be regarded as a badness-of-fit measure. Raw stress is defined as the sum of the 
squared representation errors (observed distances minus modeled distances). Stress-1 
values are the raw stress values normalized for the MDS space, which is the sum of the 
squared distances. Stress-1 values are minimized with the following loss function: 
 
         (6)
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This function provides nonnegative, monotonically non-decreasing values for the 
transformed proximities (dijk). The distances (dijk(Xk )) are the Euclidean distances 
between the health states in the rows of Xk (the coordinate space). Furthermore, in 
the equation above n represents the number of respondents, m the number of health 
states, and w the weight given to each individual matrix (in this study always set to 1). 
The Shepard diagram comprises two juxtaposed plots. The first part consists of a scatter 
plot with proximities (observed data) on the horizontal axis and distances (model values) 
on the vertical axis. In metric scaling, we also have the transformed proximities that are 
computed by linear regression. In the Shepard diagram, the transformed proximities 
are added to the vertical axis and used to draw the best-fitting step function through 
the scatter plot of proximities and transformed proximities. Therefore, the Shepard 
diagram can be used to inspect both the residuals (misfit) of the MDS solution and the 
transformation. Outliers can be detected as well as possible systematic deviations. In 
non-metric MDS the transformed proximities are computed by monotone regression 
and are represented by a best-fitting monotone step function in the Shepard diagram. 
Feasibility for each task was assessed by a 1-5 difficulty question where 1 was labelled 
‘very easy’ and 5 ‘very difficult’. In addition, the median time to complete per response 
task and the percentage of respondents who did not finish the survey were compared.
^
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Results
Respondents
In total 1510 respondents were included in the study: 532 for dyads, 469 for triads, 
and 509 for quads. All three samples are roughly representative for the Dutch general 
population in terms of gender, age, and education, although the triads sample has a 
skewed gender distribution (Table 1). 
Table 1 Descriptive statistics (%) of the 3 samples that performed the 3 similarity tasks
Dyads (n=532) Triads (n=469) Quads (n=509)
Gender
Male 51.9 34.1 49.9
Female 48.1 65.9 50.1
Age
18-24 16.2 16.8 13.2
25-34 17.3 17.5 17.5
35-44 22.2 18.1 20.6
45-54 22.0 24.3 25.9
55-64 20.5 21.3 20.4
65-74  1.9  1.9  2.4
Education
Low 29.9 27.3 30.1
Medium 43.4 44.5 42.8
High 26.7 29.2 27.1
MDS solutions
Metric
The three rescaled metric MDS solutions resulted in different rank orders for the seven 
health states (Figure 5). The stress-1 values for the dyads, triads, and quads solutions 
were 0.300, 0.331, and 0.378 respectively, indicating a poor fit [31], which is also 
displayed in the Shepard diagrams (Figure 6). The correlation between dyads and triads 
was r=0.95 (p<0.01), between dyads and quads r=0.73 (p=0.063), and between triads 
and quads r=0.81 (p<0.05), indicating strong to near perfect associations. 
Non-metric
As with the metric solutions, the three rescaled non-metric MDS solutions resulted in 
different rank orders for the seven health states (Figure 5). The stress-1 values for the 
dyads, triads, and quads solutions were 0.129, 0.012, and 0.014 respectively, indicating 
a poor fit for the dyads but an excellent fit for the triads and quads (Figure 6). The 
correlation between dyads and triads was r=0.76 (p<0.05), between dyads and quads 
r=0.76 (p<0.05), and between triads and quads r=1.00 (p<0.001), indicating strong to 
perfect associations. 
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Figure 5 Three types of similarity judgment tasks scaled with metric and non-metric MDS.
Inconsistencies
There were statistically significant (p<0.05) Spearman-rank correlations between the 
number of inconsistencies and respondents’ characteristics. These characteristics were 
gender (r=-0.201), education (r=-0.180), self-assessed physical health (r=0.093), self-
assessed self-care (r=0.013), and time to complete (in seconds) (r=-0.214). This suggests 
that males make more inconsistent responses, as do people with a lower education, 
people with more problems on physical health or self-care, and people who have a lower 
time to complete. 
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Figure 6 Shepard diagrams for the dyads, triads, and quads metric and non-metric solutions.
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Feasibility
There were no apparent differences in the reported difficulty of the response tasks. Of 
the dyads, triads, and quads respondents, 26%, 29%, and 29% respectively found the 
task (very) easy, while 31%, 31%, and 30% found it (very) difficult. The median times to 
complete per choice task were 11.7, 20.5, and 17.1 seconds for the dyads, triads, and 
quads respectively. The number of drop-outs was 8%, 19%, and 7% for the dyads, triads, 
and quads respondents respectively. In the triads task, the percentage of respondents 
who had one inconsistency in at least one triad was 48%. 
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Discussion
This is the first explorative study attempting to demonstrate the feasibility of eliciting 
similarity data on health states and scaling these data with metric and non-metric 
multidimensional scaling (MDS). One of the main motives to investigate MDS was the 
fact that choice models suffers from dominance problems at the top and the bottom 
of the health-state continuum. Similarity judgments do not have this limitation. In fact, 
combining similarity response tasks with conventional choice tasks may be an attractive 
strategy.
Three different response tasks to elicit similarity data were investigated. All three 
provided data that was scaled with MDS in such a way that health state ‘111111’ was 
positioned at the end of the HRQoL continuum. This is a logical requirement of any 
health-state continuum and serves as a validity check of the derived data. Additionally, 
all MDS solutions based on the three response tasks had state ‘111211’ positioned at 
the end of the scale. 
Interestingly, there were discrepancies between the three tasks for the health states in 
between. These are difficult to explain from a theoretical point of view. In regard to the 
fit statistics, the triad and quad similarity responses were scaled excellently with non-
metric MDS. These solutions had a similar rank order and perfect association. However, 
all non-optimal states were clustered together. This would indicate that respondents do 
not perceive a substantial difference in quality between health states with some problems 
on one domain, which is consistent with previous findings based on preference data [39]. 
Given the content of the Shepard diagrams, a more likely explanation is that the non-
metric solutions were degenerative. A degenerative solution occurs when fit statistics 
approach zero, even though the data are not represented properly. What we observed 
is a dichotomization of the data. One cluster of distances between ‘perfect health’ and 
the other six health states, and a cluster of distances between all pairs of health states 
in which all states have some problems on a single domain. In such a solution, only 
one aspect is properly represented: the ‘between-block’ distances are larger than the 
‘within-block’ distances. As Borg & Groenen [31] state: “This type of degeneracy can be 
expected with ordinal MDS when the dimensionality is high compared to the number of 
objects. It all depends though, on how many within-blocks of zero exist.” In the current 
study the number of dimensions was one, the number of objects seven, and the number 
of within-blocks of zero was two. It is this last aspect that we clearly observe in the 
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Shepard diagrams. To avoid degeneracy, stronger restrictions can be imposed. Examples 
of such restrictions are linear transformations with an intercept, spline transformations, 
or any other type of metric representation. Since we investigated metric as well as non-
metric MDS, we have already imposed metric restrictions. These did not represent the 
data very well, as indicated by the Shepard diagrams and fit statistics.
A benefit of the MDS models is that interval-level data as well as ordinal-level data 
can be used to generate metric scales. An example of a comparison between metric 
and non-metric MDS in an application of health-state valuation can be found in the 
study by Krabbe et al.[30] In this study distances between health states were derived by 
summing the squared distances of empirically obtained VAS values and then taking the 
square root of the sum. Assuming the VAS obtains interval-level data, these distances 
also have interval-level properties, and can thus be scaled with metric MDS. Almost 
exactly the same distances were scaled with non-metric MDS by assigning integer ranks 
to each of the distances. The Spearman rank correlation coefficient between the metric 
and non-metric MDS solutions was close to 1.0. These results were not surprising as 
the number of ordinal constraints (i.e. 171 similarities) was sufficiently high. An earlier 
study by Shepard [38] investigated this same issue in a different context. Shepard used 
Monte Carlo simulations to reconstruct random points in a two-dimensional space with 
non-metric MDS. He found that for 7 points the root-mean-square of the 7 correlations 
was 0.969 between the true distances and the nonmetric MDS solution. When the 
number of points increased to 45 this correlation was as high as 0.99999994. 
The triads response tasks resulted in at least one inconsistency for nearly half of the 
respondents, which casts doubt on the feasibility of this response task. It suggests that 
internet surveys are not an appropriate medium for this response task. However, such an 
interpretation seems groundless, since respondent answers on the feasibility question 
do not suggest such a high level of inconsistent responses. The dyads and quads task 
had the lowest number of people dropping out. These two tasks appear to be the most 
promising for eliciting health-state similarity judgments in an online setting. 
This study produced different results for each of the three similarity response tasks. 
Possible explanations for these differences are the following. The solutions are based 
on a relatively low number of similarities. Since only seven health states were used, the 
number of similarities was 21, which might be too low. Probably more relevant is the 
fact that the health states that were chosen in the current study turned out to be quite 
similar in severity. When the methodology for this study was discussed, no health-state 
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values for the 6 DQI states with ‘some problems’ on a domain were available. In a later 
DC experiment [39] performed on DQI health states, the regression coefficients for each 
of the domain-levels ‘some problems with…’ showed overlapping confidence intervals. 
Therefore, it seems likely that the current study focuses on a very narrow space on the 
health-state continuum. We recommend that future studies use a more diverse set of 
health states that would cover a broader range than used in this study or even cover 
the entire health-state continuum. Another consideration is to use health states from 
well-established value-based classification systems such as the EQ-5D [40]. This would 
allow for more inferences of validity of MDS by comparing it with TTO and DC models.
One strength of the current study is the large number of respondents. The total 
sample was representative of the Dutch general population in terms of gender, age, 
and education. What we did not take into account is that MDS is able to cope with 
missing data. If the error level is low, excellent representation is possible with as much 
as 80% missing data, provided the data is scaled in the ‘true’ dimensionality and that 
the number of health states is high compared to the number of dimensions [31]. This 
allows for less-demanding incomplete designs to be used in future studies.
Eliciting similarity data also has some limitations. The number of respondents required 
to obtain similarity data is higher than for preference-based data (e.g. TTO and DC). At 
present, there is no indication which combination of health-state pairs will provide the 
most optimal similarity matrices. Another limitation is that the process of aggregating 
individual data into similarity matrices is non-standardized. Furthermore, the MDS 
approach uses response tasks that are potentially more difficult than a single DC task. 
Despite the abovementioned limitations the MDS approach could be advantageous 
compared to other valuation methods. From a theoretical point of view the MDS 
approach compares favorably to both TTO and SG as the judgmental task is not 
influenced by problems such as adaptation, discounting, time preferences, a choice for 
indifference procedures, nor are there difficulties quantifying states considered worse 
than ‘dead’. 
Compared to DC models, which also do not suffer from the abovementioned limitations, 
the MDS approach offers some additional advantages. Currently there are limitations 
regarding scaling DC models on the dead—perfect health scale [41], although attempts 
to overcome this limitation have been put forward [42]. Additionally, in DC models 
researchers have to make assumptions and choices regarding the functional form of the 
value function (e.g., only main effects or main effect and interactions, or a multiplicative 
model instead of a linear model). In the MDS models, the functional form of the value 
158       
function is undefined, allowing for more realism and full flexibility in respondent 
heterogeneity. 
There are several options to use similarity data to arrive at a full set of values for all 
possible health states. For the dyads task individual similarity matrices can be obtained. 
These matrices can be scaled to obtain health-state values for each state present. 
Similar to valuation studies using TTO or SG, by using regression techniques health-
state values can be estimated for the health states not included in the dyads tasks. For 
the triads and quads methods the possibilities are more restricted. If we want to derive 
values for all health states of a particular value-based system (e.g., DQI, EQ-5D), then 
a matrix that contains similarity judgments on all health states is required. This seems 
an extremely challenging task as it could require millions of similarity responses. Future 
work should address this particular issue and investigate avenues to overcome this 
limitation. One possible solution that has been put forward for another novel health-
state valuation method [43] is to include similarity response tasks as a standardized part 
of (inter)national health surveys. In time this could lead to a sufficient amount of data 
to estimate values for all possible health states of a particular health-state classification 
system. Another way of applying MDS is by transforming preference data (e.g. TTO, DC) 
into similarity data. Nevertheless, this methodology would still suffer from dominant 
choice sets. 
Since similarity data have the biggest potential for scaling data to a one-dimensional 
interval-level scale based on a single response task, the above-mentioned suggestions 
and limitations point to fruitful directions for future research in the field of health-state 
valuation. 
 
 
     159
9

10
General discussion
162       
This dissertation had three different methodological foci. The first objective was to 
investigate the biases that can occur in patient- and proxy-assessed HRQoL. The second 
was to develop a novel dementia-specific HRQoL instrument that can be used for cost-
effectiveness analyses, patient group monitoring, and disease modeling studies. The 
third objective was to apply and validate new valuation methods for use in quantifying 
health states. Each of these focal points will be discussed separately below. This chapter 
will conclude with a general discussion of these methods and what the implications 
would be of using them in combination. The conclusions drawn from that overview 
underpin some recommendations for future research, which will wrap up this discussion. 
Quantification of biases
The conceptual model presented in Chapter 1 identifies sources of bias in HRQoL 
assessment. For instance, a proxy-proxy bias (comprising factors within proxies that 
affect the proxy-proxy perspective) accounts for 5-10% of the variation in HRQoL 
assessment of dementia patients. Presumably that bias is endogenous to the proxies and 
thus unrelated to the type of instrument applied. This finding contradicts some results 
reported in Chapter 3 on the bias of scale recalibration (whereby the interpretation 
of subjective response scales changes with the circumstances). Scale recalibration is 
an interaction between an instrument and a respondent. Therefore, in order for scale 
recalibration to occur, the instrument must allow for ambiguous interpretation. 
The findings presented in Chapter 8 do not explicitly refer to a bias. Nonetheless, the 
health-state values derived from patients proved to differ systematically from those 
derived from informal caregivers. If an instrument were to incorporate values obtained 
from patients but instead -- due to the lack of response task feasibility in people with 
dementia -- chose to use values obtained from proxies, then those findings would be 
indicative of bias. The results reported in this chapter showed how difficult the task was 
for this patient population. The majority of these patients were unable to complete a 
ranking task comprising 10 health states. Thus, it is not feasible to derive health-state 
values with Thurstone scaling (based on rank data) for this population. Nonetheless, it is 
possible to derive health-state values with Thurstone scaling from empirical rank data, 
a conclusion that suggests avenues for future research.  
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Development of a disease-specific index instrument
After a lengthy development trajectory, initial results for the dementia quality of life 
instrument (DQI) were published in 2011 [230]. It took the collaboration of various 
disciplines to generate the final version, with contributions from the fields of geriatric 
medicine, psychology, and health economics. A validation study on the prototype 
revealed that the instrument actually does measure a different concept than the EQ-5D 
[119]. Moreover, there is considerable consistency between the ranking of importance 
of the domains in the prototype and the final version, indicating that the methods yield 
reproducible results. Since some significant adaptations have been made after testing 
the prototype, it is imperative to re-assess the psychometric properties. The validity of 
the instrument, and perhaps its reliability, will have changed by adding a domain and 
adapting the domain-level descriptions.
The involvement of dementia professionals in the development of the DQI was 
considerable. Their contribution has been more significant than that of people with 
dementia and other stakeholders. The professionals have been providing indications 
of each domain’s importance and relevance. Moreover, they have been participating in 
the valuation study to assess the relative importance of each of the domain levels. One 
might wonder if the opinions of people with dementia and other stakeholders were 
underrepresented in the development of the DQI. There is no need for concern, however, 
since the domains were based on results from the Leo Cahn workgroup [231], which 
combined input from patients, dementia professionals, and informal caregivers. One 
example of the role of patient opinions concerns orientation. Dementia professionals 
did not consider that domain very important. Patients, in contrast, indicated that their 
orientation problems were very difficult to cope with [232].
 
Scaling methods
This dissertation investigated three ordinal response tasks for which the data were scaled 
to derive health-state values. The approach presented in Chapter 8 is grounded in one of 
the oldest theories of human behavior, Thurstone’s law of comparative judgment (LCJ). 
Although the health-state values used in that chapter were derived from rank data, the 
LCJ is not limited to rank data. It can also be applied to scale paired comparison data or 
choice tasks with more than two alternatives. This broad applicability is an advantage. 
A disadvantage of this scaling technique is that each health state has to be compared to 
every other state. This entails many comparisons when the classification system allows 
for many different health states. Basically, the implication is that a large sample size is 
required, which makes the LCJ impractical for health state valuation. 
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That is why choice modeling is such a good alternative. Because the LCJ scales each 
health state on a latent continuum, it does not allow us to make inferences about 
the components of the health states. Choice modeling, conversely, does allow us to 
estimate the relative merit of these components (assuming that the description of the 
health states is based on distinct domains, each with a number of levels). Subsequently, 
we can model overall health-state values (assuming that a multi-attribute classification 
system is being used). 
Multidimensional scaling could be combined with regression techniques to estimate 
the relative contribution of the domain levels on choice behavior. This would reduce 
the number of choice tasks to a minimum. A design comparable to the Dutch EQ-5D 
instrument [152] could be created, selecting the  key health states for use in the choice 
tasks. Then, using the valuation of the key health states, the contribution of the domain-
level weights would be estimated, thereby providing a basis for the extrapolation of all 
other health-state values.
Scope of valuation
A topic touched upon only briefly in this dissertation is the breadth of scope (evaluative 
space) that a classification system should have. Currently, policies with regard to 
pharmaco-economic evaluations stipulate that cost-utility analyses should define 
utility in terms of HRQoL. Thus, by adopting these definitions, governments would try 
to maximize HRQoL. This operationalization of utility has been applied in the DQI as 
well. However, the QALY model can also be applied when Q is defined in terms other 
than HRQoL. Indeed, many published studies now deviate from HRQoL as the primary 
outcome measure, turning to different or broader constructs [233]. One example is the 
ICECAP-O [195] study, which regards an individual’s ‘beings and doings’ as the primary 
outcome. This line of thought was put forward by the Nobel laureate Amartya Sen and 
is now known as the capabilities approach [234,235].
Sen’s approach is but one alternative to evaluative space. Another Nobel Prize recipient, 
Daniel Kahneman, advanced the concept of experienced utility [236] or hedonic utility. 
It differs from the concept of utility that von Neumann and Morgenstern defined in 
expected utility theory [19], which Kahneman calls ‘decision utility’. Kahneman and 
others [237] suggest that this approach could and even should be used as an alternative 
in policy evaluations. It calls for an assessment of hedonic experience at the time 
people are actually experiencing the state to be valued. In the context of health-state 
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valuation, this would imply that only those people who actually experience a certain 
health state are able to report on it. Following that train of thought would deter us from 
using this approach for valuing dementia states, given the unlikelihood of obtaining 
valid assessments from people with an increasing severity of dementia. However, for 
disorders without cognitive limitations, this approach might be feasible. 
Broadening the evaluative space seems to expand the concept of HRQoL to a more 
general quality of life (QoL), encompassing domains beyond health such as spirituality, 
financial situation, physical environment, and access to transportation. Measuring a 
broader concept would allow for a more comprehensive evaluation of interventions. 
Ultimately, it is up to policy makers to circumscribe the evaluative space. Nonetheless, 
they can only make an informed decision when they are aware of the available options 
and understand the differences in terms of outcome measurement.
Suggestions for future research
Like most HRQoL index instruments currently used in health outcome studies, the DQI 
uses a single item to represent an entire health domain. It is worth considering whether 
this is a valid approach. Using a single item to represent an entire domain reduces 
the number of tests that would be appropriate to assess validity and reliability. For 
example, it would be impossible to apply latent construct models such as factor analysis. 
The most widely reported measure of reliability, Cronbach’s alpha, also assumes a 
unidimensional construct that is measured by multiple items. All these assessments of 
the psychometric properties of an instrument become unavailable when a single item is 
taken to represent an entire domain. 
Why, then, was it decided to represent an entire domain with a single item? Valuation 
studies that derive the domain-level weights of index instruments require respondents 
to perform a holistic assessment of the health state presented to them. That is, all 
domain levels that describe a certain health state are assessed jointly. That requirement 
was set to prevent focusing effects or misrepresentation. It should also be kept in mind 
that respondents can only process a limited amount of information simultaneously 
[137], which puts the number of items that can be assessed validly within a range of 
five to nine. 
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In the choice modeling approach, on the other hand, not all domain levels have to be 
displayed in a single choice task. The reason lies in their connectivity: a set of items is 
connected if the items cannot be divided into two groups where any item within one 
group is never paired with any item within the other group. By ensuring connectivity 
in the domain levels across all choice tasks, the difference in relative importance of 
the domain levels can be estimated. Adopting such an approach for HRQoL index 
instruments would allow a multitude of items to represent a single domain. So doing 
would more explicitly measure a single domain. In turn, that narrower focus would 
facilitate efforts to improve tests of validity and reliability, for example by applying 
latent construct models to assess psychometric properties.
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Nederlandse samenvatting
Het conceptuele model dat is gepresenteerd in hoofdstuk 1 laat een aantal theoretische 
relaties zien tussen de oordelen op kwaliteit van leven van mensen met dementie 
en de oordelen die hun mantelzorgers kunnen geven. De belangrijkste elementen 
in dit model zijn patiënt-gerapporteerde uitkomsten over kwaliteit van leven, en de 
mantelzorger-gerapporteerde uitkomstmaten. Deze laatstgenoemde betreffen zowel 
de uitkomstmaten van de mantelzorger over de patiënt als de uitkomstmaten over 
zichzelf. 
Hoofdstuk 2 richt zich op de validatie van het conceptuele model door een enkele 
van deze relaties empirisch te toetsen. Een van de relaties werd was de relatie tussen 
persoonlijke kenmerken van mantelzorgers en hun oordelen over de kwaliteit van leven 
van hun naasten. De resultaten gaven aan dat er inderdaad een relatie bestaat tussen 
de oordelen van mantelzorgers en hun persoonlijke kenmerken. Op verschillende 
uitkomstmaten werden verbanden gevonden tussen het oordeel van mantelzorgers 
over hun naaste, en hun eigen kenmerken zoals leeftijd, de financiële situatie en het 
in staat zijn tot het ondernemen van leuke activiteiten. Deze resultaten geven aan dat 
oordelen van mantelzorgers dus mogelijk systematisch vertekend zijn. Mocht toekomstig 
onderzoek deze resultaten bevestigen dan kunnen methoden onderzocht worden om 
oordelen van mantelzorgers te corrigeren voor deze systematische vertekeningen.
In tegenstelling tot hoofdstuk 2 waarin louter werd gekeken naar kenmerken van 
mantelzorgers, werd in hoofdstuk 3 onderzocht of er interacties bestaan tussen 
meetinstrumenten en respondenten. In deze studie werden zowel mensen met 
dementie als hun mantelzorgers bestudeerd. Onderzocht werd hoe de labels van een 
visueel analoge schaal werden geïnterpreteerd, en hoe eventuele ambiguïteit hierin 
verklaard kon worden. Één van de meest gebruikte visueel analoge schalen is de 
zogenaamde ‘thermometer’ van het EuroQol-5D instrument. Deze heeft een label ‘Best 
voorstelbare gezondheidstoestand’. In onze studie werd gevonden dat dit label door 
zowel mensen met dementie als hun mantelzorgers eigenlijk geïnterpreteerd werd als 
‘Best voorstelbare gezondheidstoestand voor iemand van uw leeftijd’, maar dit gold niet 
voor iedereen. Deze resultaten wijzen dus op mogelijke verbeteringen in dit specifieke 
meetinstrument, door aanpassingen aan het label door te voeren.
Hoofdstuk 4 behandelt de ontwikkeling en deels de validatie van het prototype van 
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het ‘Dementia Quality of Life Instrument’ (DQI). Op basis van literatuuronderzoek, 
kwalitatieve interviews met mensen met dementie en hun mantelzorgers, advies van 
deskundigen en teamdiscussies werd een conceptueel raamwerk ‘kwaliteit van leven 
met dementie’ opgezet. Vanuit dit raamwerk werden de domeinen bepaald die het 
DQI prototype moesten vormgeven. Deze domeinen betroffen ‘geheugen’, ‘orientatie’, 
‘het regelen van dagelijkse bezigheden’, ‘sociale activiteiten’, en ‘stemming’. Deze 
vijf domeinen zijn samen voorgelegd aan professionals werkzaam met mensen met 
dementie met de vraag om deze te rangordenen en op een schaal aan te geven hoe 
relevant deze domeinen zijn als het gaat om de gezondheidstoestand van iemand 
met dementie. Uit de studie kwam naar voren dat elk van deze domeinen als relevant 
werd beschouwd. In een latere studie werd het daadwerkelijke DQI instrument en het 
EuroQol-5D instrument afgenomen bij mensen met dementie en hun mantelzorgers. 
Uit deze studie kwam naar voren dat er lage correlaties gevonden werden tussen de 
domeinen waar een hoge mate van samenhang niet van tevoren werd verwacht, terwijl 
bij de domeinen waarbij op grond van de inhoud een hogere mate van samenhang 
verwacht werd deze ook terug te vinden was in de resultaten. Dit geeft aan dat de DQI 
daadwerkelijk een ander concept meet dan de EuroQol-5D wat gedeeltelijk de validiteit 
van de DQI ondersteunt.
Hoofdstuk 5 betreft een reactie op twee meetinstrumenten die met hetzelfde doel als de 
DQI zijn ontwikkeld door een groep onderzoekers uit Groot-Britannië.  De instrumenten 
DEMQOL-U en DEMQOL-Proxy-U zijn beide voortgekomen uit het DEMQOL instrument. 
De auteurs hebben een factor analyse uitgevoerd op de DEMQOL items en op basis 
van hun interpretatie vervolgens een selectie gemaakt welke domeinen zij het meest 
belangrijk vonden om in een classificatie systeem op te nemen. Het commentaar 
dat wij op deze methode hebben is dat een factor analyse in staat is om structuur in 
de data te achterhalen, maar niet om aan te geven hoe belangrijk de achterhaalde 
latente constructen zijn om daadwerkelijke een gezondheidstoestand te classificeren. 
De afwezigheid van een fysiek domein is het grootste bezwaar dat wij hebben op de 
uitkomsten van de Britse onderzoekers. Interventies die mogelijk fysieke co-morbiditeit 
kunnen verminderen zullen door de DEMQOL-U daardoor waarschijnlijk onderschat 
worden. Een tweede punt dat we becommentarieerden is dat de onderzoekers niet 
de meest optimale analysetechniek gebruikt hebben om tot een selectie van items te 
komen.
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In hoofdstuk 6 presenteren we de definitieve versie van de DQI, aangevuld met de 
resultaten van een studie waarin de waarden voor de dementie-gezondheidstoestanden 
statistisch geschat zijn. Ten opzichte van het prototype is er een domein toegevoegd 
aan de DQI: ‘lichamelijke gezondheid’. Bovendien zijn de andere items in het 
classificatiesysteem aangepast om meer consistentie in de antwoord opties aan te 
brengen en zijn de domeinenomschrijvingen zelf aangepast zodat ze nu een wat breder 
concept van een dementie gezondheidstoestand kunnen kwantificeren. De waarden voor 
de dementie-gezondheidstoestanden zijn geschat met conditioneel logistisch regressie 
model op basis van de uitkomsten uit een discreet keuze experiment, en vervolgens 
herschaald op het EuroQol-5D instrument. Dit heeft tot gevolg dat de waarden die met 
de DQI gevonden worden vergeleken kunnen worden met waarden in ander onderzoek 
die met de EuroQol-5D gemeten zijn. Bovendien is het discrete keuze experiment zowel 
bij een steekproef uit de algemene bevolking afgenomen als bij professionals op het 
gebied van dementie. Er bleken verschillen tussen beide groepen te bestaan in de 
waarderingen van de DQI domeinen. Zo vonden mensen uit de algemene bevolking 
dat ernstige lichamelijke en geheugen problemen het meeste negatieve invloed zou 
hebben op de gezondheidstoestand, terwijl dementie professionals juist vonden dat 
stemmingsproblemen de grootste negatieve invloed zou hebben. Op basis van de 
goodness-of-fit maten van het gebruikte model, en eerdere bevindingen dat mensen 
uit de algemene bevolking niet goed op de hoogte zijn van wat dementie voor invloed 
heeft op de gezondheidstoestand raden wij aan de waarderingen van professionals te 
gebruiken, en niet die van de algemene bevolking. Dit gaat in tegen de aanbevelingen 
van het college voor zorgverzekeringen aangaande kosten-utiliteits analyse. 
Hoofdstuk 7 beschrijft in het algemeen hoe statistische keuzemodellen gebruikt 
kunnen worden om voorkeuren van mensen te achterhalen op basis van discrete 
keuze experimenten. De historische ontwikkeling van dergelijke modellen wordt 
gepresenteerd beginnend bij de psychofysica en psychometrie waaruit Thurstone’s law 
of comparative judgment is ontstaan, tot en met de hedendaagse applicaties in het 
waarderen van gezondheidstoestanden via het modelleren van data uit discrete keuze 
experimenten en de keuzetaken die hierbij gebruikt kunnen worden om voorkeuren te 
achterhalen. 
Hoofdstuk 8 had als doel om te onderzoeken of een eenvoudige responstaak 
gegevens kon opleveren die gebruikt kunnen worden om gezondheidstoestanden 
te kwantificeren. In deze studie werd de law of comparative judgment gebruikt als 
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schaalmodel om gezondheidstoeststanden te waarderen. In deze studie werden een 
10-tal gezondheidstoestanden van het prototype van de DQI gerangschikt van goed 
naar slecht door zowel mensen met dementie als hun mantelzorgers. Vervolgens 
werden deze toestanden ook een score toebedeeld op een visuele analoge schaal. Dit 
is een van de de eerste studies die daadwerkelijk emprische preferentie data gebruikt 
om waarderingen van dementie-gezondheidstoestanden te herleiden. Uit de resultaten 
bleek ten eerste dat een rangordening van 10 gezondheidstoestanden voor de meeste 
mensen met dementie een te moeilijke opgave was. Uit de rangordeningsdata van de 
mensen die de rangordeningstaak wel konden voltooien bleek dat deze na het schalen 
zeer grote overeenkomsten vertoonden met de VAS waarden. Bovendien bleken er 
sysmematische verschillen te bestaan tusen de waarderingen van mensen met dementie 
en die van mantelzorgers. Dit heeft mogelijk beleidsimplicaties wanneer de consensus 
in het debat over ‘wiens waarden gelden’ verandert van de algemene bevolking naar 
patiënten.
Hoofdstuk 9 had als doel te verkennen in hoeverre responstaken gebaseerd op 
gelijkheid in plaats van voorkeur gebruikt kunnen worden om waarderingen 
van gezondheidstoestanden te herleiden. Door middel van multidimensionele 
schalingstechieken kunnen data uit dergelijke responstaken omgezet worden in 
waarden met metrische eigenschappen. In dit hoofdstuk zijn 7 DQI toestanden gebruikt 
in drie verschillende responstaken, waarbij elke responstaak door ongeveer 500 
respondenten uit de algemene bevolking bij verschillende combinaties van de 7 DQI 
gezondheidstoestanden is uitgevoerd. De eerste responstaak gebruikte paarsgewijze 
vergelijkingen met een 9-puntsschaal om gelijkheid te meten. Een volgende gebruikte 
drie toestanden waarvan de twee meest op elkaar lijkende gekozen moesten worden, 
en in een tweede taak van dezelfde drie toestanden de minst op elkaar lijkende. De 
derde responstaak bood twee paren van DQI gezondheidstoestanden aan, waarbij 
respondenten moesten aangeven binnen welk paar de toestanden het meest gelijk 
waren. Elk van de responstaken werd beoordeeld op de mate van bruikbaarheid. Uit de 
resultaten kwam naar voren dat de responstaak met drie gezondheidstoestanden het 
meeste door respondenten tussentijds werd beëindigd, en dat daar een groot aantal 
inconsistente antwoorden gegeven werden. Beide andere responstaken lijken potentie 
te hebben voor verder onderzoek, al zijn de resultaten ambigue. Deze ambiguïteit is 
vooral te verklaren door de grote mate van gelijkheid qua ernst in de stimuli van deze 
studie. Deze studie werd gelijktijdig opgezet met het discrete keuze experiment uit 
hoofdstuk 6. Ten tijde van de opzet was er nog niets bekend over de waarderingen van 
de DQI gezondheidstoestanden. Uit de resultaten van hoofdstuk 6 blijkt dat elk van de 
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stimuli van hoofdstuk 9 nagenoeg dezelfde waarden hebben (ze hadden overlappende 
betrouwbaarheidsintervallen). Vervolg onderzoek met een meer diverse set stimuli lijkt 
hier dus een zeer belangrijke stap. Een van de nieuwe inzichten die uit dit hoofdstuk 
naar voren kwam is het feit dat met multidimensionele schalingstechnieken het niet 
nodig is om expliciet een zogenaamde nutsfunctie te definiëren. Dit is een van de grote 
voordelen ten opzichte van discrete keuze modellen, waarbij het aan de onderzoeker 
is om dergelijke functies te definiëren. Multidimensionele schalingstechnieken laten de 
nutsfunctie achterwege en baseren de structuur volledig op de data. Dit is een van 
de redenen wat dergelijke responstaken en de bijbehorende schalingstechnieken zo 
kansrijk maakt voor de toepassing van het waarderen van gezondheidstoestanden.
Hoofdstuk 10 rond het geheel af met een algemene samenvatting van de gevonden 
resultaten en het bediscussiëren van een aantal algemene  aannames die centraal 
hebben gestaan in elk van de hoofdstukken. Een van de meest belangrijke aannames 
is dat dementie-gerelateerde kwaliteit van leven gedefinieerd is in termen van fysieke, 
mentale en sociale domeinen. Dit betekent dat voor alle toepassingen waarin de DQI 
gebruikt zou worden de kwaliteit van leven ook uitgedrukt wordt in deze termen. Men 
kan zich afvragen of interventies breder gemeten moeten worden dan gezondheid, en 
indien ja, wat dan een geschikte operationalisatie zou zijn van dementie-gerelateerde 
kwaliteit van leven. De ‘capabilties approach’ van Amartya Sen en ‘experienced utility’ 
zoals voorgedragen door bijvoorbeeld Daniel Kahneman worden beide aangedragen als 
potentieel alternatief. 
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